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ABSTRACT

We determine, up to a power of log n, the minimax risk for constant conditional
variance estimation under rough random design. The unknown design density
is bounded above and away from zero, with no smoothness assumption, and the
conditional error laws may depend on the covariates and have uniformly bounded
fourth moments. For an s-Holder regression function with s > 1 in dimension
d > 4s, the minimax root-mean-square risk lies, for all sufficiently large n, between
c¥, and C¥,(logn)', where ¥,, = n_2(5+1)/(d+4)e_"\/@(log n)=1)/(d+4) and the
constants k > 0 and I' > 0 are explicit. In particular, the minimax exponent is
2(s 4+ 1)/(d +4), the minimax risk is smaller than n~2+t1)/(4+4) by a stretched-
exponential factor whose constant « is identified, and the rate proposed by Robins
is not uniformly attainable over this model class. For 0 < s <1, we show that the
exact minimax rate is n= /2 n=4/(@+45). for s > 1 and d < 4s, it is n~1/2.
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SECTION 1

Introduction

1.1 Background

We consider a problem that arises in the study of higher-order influence function esti-
mators [46] and semiparametric minimax lower bounds [47] for nonlinear functionals.
We observe independent copies of (X,Y), where X € [0,1]¢ has an unknown density p
bounded above and away from zero, and let

f(x)=E(Y| X =x), Var(Y | X =x) = V.

The regression function belongs to a fixed s-Holder ball. Let Q. denote the conditional
law of e = Y — f(X) given X = x. It has mean zero and variance V, and its fourth
moment is uniformly bounded, but it may otherwise depend on x. No smoothness is
imposed on p. We aim to estimate V, which satisfies

V =E(Y?) f(x)?p(x)dx. (1.1)

[0,1]¢
Under the uniform Holder-norm and conditional fourth-moment bounds, the empirical
mean of Y? estimates [E(Y?) at the root-n rate. Thus the only potentially non-root-n
component in (1.1) is the quadratic regression functional.

For 0 < s < 1and d > 4s, Robins et al. [46, Section 4] give a close-pair construction
with convergence rate n =%/ (d+4s) which uses no smoothness of p. They divide [0,1]%
into small cubes, select one pair of observations in each cube that contains at least two,
and use the identity

(Y; - Y;)?
2

Lo U@ = fw)?

E
2

Xi:x,Xj:y

By this identity, it is natural to average the squared differences over pairs whose covariates
are within distance h. The expected number of such pairs is of order n?h. Averaging
the corresponding squared differences gives a stochastic fluctuation bounded in root
mean square by C{n~1/2 + (n?h?%)~1/2}, while s-Holder smoothness gives bias O(h%).
Balancing the bias with the pair term gives i < n~2/(#+45); since d > 4s, the root-n term
is smaller, and the stated rate follows. Robins et al. introduced their construction to show
that a random design can give a faster rate than an equally spaced design even when

1



1 Introduction 1.1 Background 2

the design density has no smoothness [46, p. 338]. For s-Holder regression on an equally
spaced d-dimensional grid, the corresponding minimax rate for the root-mean-square
risk is n=25/4\/ n=1/2_ Robins et al. attribute the rate n=2/9, for s < d/4, to Wang et al.
and Cai et al. [46, p. 338]. In the lower-bound constructions of these papers, alternatives
with a constant variance give the lower bound n~=2/4 in one dimension [56, Section 6.2]
and in several dimensions [8, Section 6].!

Richardson and Rotnitzky [44, Section 6] record the following question about the
differentiable case, attributed to James Robins: when s > 1 but s/d < 1/4, does there
still exist an estimator attaining 1145/ (@+4%)? They write that analogy with other nonpara-
metric estimation problems would suggest that the answer is “yes”. As they also note
[44, Section 6, footnote 50], the squared-difference estimator of Robins et al. does not
attain this rate for s > 1, because it does not exploit the differentiability of the regression
function. For s > 1, its worst-case bias is generally of order /2, rather than h?. This
shows only that the estimator fails to exploit the additional smoothness; it does not rule
out that another estimator may attain a better rate. Their question concerns rates of
convergence; we study its minimax formulation, which requires a uniform bound on the
root-mean-square risk over the model class specified below.

For s > 1 and d > 4s, we determine the minimax root-mean-square risk up to a power
of logn. Let
2(s+1)

d+4
For all sufficiently large n, the minimax root-mean-square risk lies between c¥, and
CY,(logn)', where

A= (1.2)

Y, = n—)\e—m /logn (log n) (s—=1)/(d+4)

and the constants xk > 0 and I'" > 0 are given explicitly in Theorem 1.1. These bounds
identify A as the minimax root-mean-square exponent. The minimax risk is smaller than

n~" by the factor e*K\/@, up to powers of log n, with the same constant « in the upper
and lower bounds, and the ratio of the upper and lower bounds is at most C(logn)'.
Thus the rate n—45/(@+4s) js not uniformly attainable over the stated model class, which
gives a negative answer to the minimax formulation of Robins’s question. The upper
bound also improves on the fixed-design minimax rate. For 0 < s <1, we give a direct
proof of the exact minimax rate n~1/2 v n=4/(@+45) For every s > 0 and d < 4s, ordinary
least-squares residuals on a fixed partition attain the parametric rate n~!/2. Some of

The construction in [8, Section 6] uses cone-shaped bumps, which do not belong to C* when
s > 1. For s > 1, the same lower bound follows by using rescaled C* bumps that equal one at the
grid points and are supported in balls of radius less than half the grid spacing. Taking heights
cn /4 with a sufficiently small fixed ¢ > 0 gives uniformly bounded C* norms, while leaving the
prescribed values at the design points, and hence the testing calculation, unchanged.
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these results appear in earlier versions of this paper, and related results were obtained in
concurrent work; we describe both in Section 1.4.

1.2 Main results

Fix s > 0 and an integer d > 1. Fix an open set U C R4 containing [0, 1]4, and constants
0<p_.<l<py<o, Li>0, 0<v_<vy<oo, 02<Ci<oco (13)
We adopt the following notation for Holder norms. Set

C=1s| -1, a=s—/¢e(0,1]. (1.4)

For a scalar function F on an open set QO C IR, define

|07E(u) — 97F(v)|

[D’F],.0 = max su , (1.5)
R S PR
u#ov
IFllcsa)y = Y, 1197Fl () + [P Flasas (1.6)
|v|<t
where || - || is the usual Euclidean norm on RY. When s ¢ IN, this is the usual C“* norm,

while integer s is interpreted as CS~ 1.

For each n € IN, one observes independent and identically distributed pairs (X;, Y;)7 ;.
Their common distribution is indexed by a parameter 8 = (p, f,V, Q) satisfying the
following three conditions. Here, p is a probability density on [0,1]¢, f: [0,1]? = Ris a
regression function, V > 0, and Q = (Qx) xefo,1)¢ is @ measurable probability kernel from
[0,1]% to R. Define the regression error by ¢; = Y; — f(X;).

(i) Each X; has Lebesgue density p on [0,1], and p satisfies
p_ < p(x) <py for Lebesgue-a.e. x € [0,1]°.

(ii) The function f has an extension f to U such that

Ifllcs@ < Ls,

where the norm is defined in (1.6).
(iii) For p(x)dx-almost every x € [0,1]¢, the conditional distribution of ¢; given X; = x
is Qy, and
/ u Qy(du) =0, / u? Qx(du) =V, / ut Qx(du) < Cy,
R R R
with
v < V<o,

The conditional variance V is constant in x, but the conditional distribution Q, may
otherwise depend arbitrarily on x.
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Since V2 < Cy4 by conditional Jensen’s inequality, the effective variance interval is

[o_, min{v, /Cs}].

The assumption v2 < C4 ensures that this interval is nondegenerate.
Let
®=0(s,dU,p_,p+,Ls,v_,v4,Cy)

denote this class of parameters 6. For an estimator Vn of V, define

Ru(V;©) = supBy(Vu = V)%, Ry(©) = inf R, (Vy; ©),
0cO Vi
where the infimum is over all measurable functions of the observations (X;, Y;)" ;. We
write 1o
t; = Ry (®)/2 = infsup {lEg(Vn — V)z}
Vi 6O
for the minimax root-mean-square risk.
We now state our four main results. Their constants depend only on the fixed model
parameters; c¢. may also depend on €.

Theorem 1.1. Let s > 1 and let d > 4s be an integer. Let A be as in (1.2) and { = [s]| — 1 as in
(1.4), and put

—log YIE VT K:4\/2T(s—1)(d—4s)/

V P+ — \/ P*, (d+4)3 (17)
ey dlg))
“=\a ) T Tdta
There exist ¢, C > 0 such that, for all sufficiently large n,
cY, <t, < C‘I’n(logn)r, Y, =n e "V 1Og”(logn)ﬁ. (1.8)

The upper bound in (1.8) is Theorem 3.1, proved in Section 3, and the lower bound is
Theorem 6.1, proved in Section 6.

The two bounds in (1.8) differ by the factor (logn); we do not know the correct power
of log n. The estimator of Section 3 is nearly minimax in the sense that, for all sufficiently
large n, its root-mean-square risk is within a factor C(logn)' of the minimax risk. The
bounds agree in the exponent A and in the constant « of the stretched-exponential factor.
In particular,

logt, = —Alogn — x+/logn + O(loglogn).
The constants T and x depend on the density bounds only through the ratio p/p—.
Here gs is the dimension of the space of polynomials of degree at most ¢ in d vari-
ables. In Theorem 1.1, the constants ¢ and C and the threshold on n depend only on
(s,d,p—,p+,Ls,v_,v4,Cy), and not on U.
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Neither proof gives an explicit threshold on #, and apart from k¥ we have made no
attempt to optimize the constants. The upper-bound proof requires /logn eventually to
dominate fixed multiples of loglogn, with constants depending on g;. Our analysis is
asymptotic and does not establish the estimator’s performance at moderate sample sizes.

These bounds determine the minimax exponent. We state this as a corollary.

Corollary 1.2. Let s > 1 and let d > 4s be an integer. For every € > 0, there exist c.,C > 0
such that, for all sufficiently large n,

cen M <y, <Cn M

The minimax root-mean-square exponent satisfies

im —loge, 2(s—|—1).
n—oo  logn d+4

Proof. Since e_K\/@(logn)(s’l)/(dH)” — 0 as n — oo, the upper bound in (1.8)
implies that t, < Cn~* for all sufficiently large n. For every € > 0, we have
e*"\/@(log n) =1/ (@+4) > =€ for all sufficiently large 1, and then the lower bound in
(1.8) gives t, > cn~*~€ for all sufficiently large n. Taking logarithms in these two bounds,
dividing by log n, and letting first n — oo and then € | 0, we obtain the limit. O

The separation from the exponent in the question recorded in [44, Section 6] is

4s _ 2(s—1)(d—4s)
itas T dras)dra (19)

The lower bound rules out a uniform bound of order 74/ (4+45) on the root-mean-square

risk, even after multiplication by any fixed power of log n. The exponent also satisfies
A—§ _ 2(d —4s) >0,
d dd+4)

which means that the upper bound is faster than the fixed-design minimax rate. In the
other direction, the minimax risk is not of the exact order n~*, since the upper bound in
(1.8) implies that ntt, — 0. In particular, the weaker bound Cn~* recorded in Section 2
is not the minimax rate. The bound Cn~" was proved in the third arXiv version of this
paper [3] and, in concurrent work, by Dobriban et al. [13, Proposition 3.4]; see Section 1.4.

For 0 < s < 1, the exact minimax rate can be determined without the constructions
used for s > 1; see Section 5.

Theorem 1.3. Let 0 < s < 1and let d > 1 be an integer. There exists C > 0 such that, for every
n>1,
C—l (n—l/z V n—4s/(d+4s)> <, < C(n—l/z V. n_4s/(d+4s)). (1.10)
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The residual-projection estimator of Lemma 2.2 attains the parametric rate when
d < 4s. Together with the lower bound in Section 4.3, it yields the following theorem.

Theorem 1.4. Let s > 1 and let d < 4s be a positive integer. There exists C > 0 such that, for
everyn > 1,
Cln V2 <, <Cn V2 (1.11)

At s = 2, the threshold d < 4s of Theorem 1.4 has a precedent in [52, Section 3.1].
For regression functions with bounded second derivatives, i.i.d. Gaussian errors and an
ii.d. design with a continuous positive density on a compact support, root-n accuracy is
obtained there when d < 8, with bounds that hold conditionally on the design on events
of probability arbitrarily close to one.

1.3 Ideas of the proofs

The common approximation problem. Both bounds are governed by the same problem
of polynomial approximation. Let T be as in (1.7). On [p_, p+], the reciprocal 1/z is
approximated by polynomials of degree m with uniform error of order e~ ™. This classical
fact follows from the Chebyshev expansion of the reciprocal [34, equation (2.4)], and the
geometric factor e~ " cannot be improved [26, Corollary 2.2]. Dually, a signed measure
on [p_, p+| that represents the value at the exterior point zero of every polynomial of
degree at most m has total variation at least of order ¢, by the growth of Chebyshev
polynomials outside the interval [45, Section 2.7, equation (2.37)], and the rule at the
Chebyshev nodes attains this order (Lemma 6.4). The upper bound uses the first statement
and the lower bound uses the second, and this is the source of the common constant «.

The upper bound. We modify the close-pair construction of Robins et al. For s > 1,
the bias of half the squared difference of two responses at distance & comes from the
regression increment f(x’) — f(x), which is of order h. We subtract a prediction of this
increment from the difference of the responses, and we use two predictions computed
from independent samples, one in each factor of the square. As in double cross-fitting [40,
Section 2], the mean of the product then contains the product of the two mean prediction
errors, and the fluctuations of the predictions contribute no bias. As in [35, Section 3],
their covariances across evaluation points remain in the variance, which we control by
averaging over many pairs (Proposition 2.3). If the predictions resolve f at K cells, the
bias is of order h2K2(s-1)/ 4 while the pair statistic fluctuates at order n~lh=d/2 At
the sampling scale K = 7, balancing these two terms gives the rate n=*. The two-scale
estimator of Dobriban et al. [13], which projects out the local polynomial trend in cells of
diameter of order n71/4 and uses one close pair per retained cell, attains the same rate;
see Section 1.4.
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To improve on n~*, we resolve f at K = ne! cells with T > 0 tending to infinity, so
that most cells contain no observation and a local fit cannot be computed in them. As
in Park [42, Section 3.2, equations (9)—(14)] and in our companion paper with Kallus [4,
Sections 4.1-4.3], we replace the inverse of each local Gram matrix by a polynomial in
that matrix. The population fit is then a polynomial in local moments of p and pf. Each
monomial in these moments can be estimated without bias by a U-statistic [22], that is,
by an average over distinct observations, even when most cells are empty; for cell counts,
this is the falling-factorial estimate of powers of cell probabilities [24, equation (21)]. This
allows resolution below the sampling scale (Section 3.4). Related estimates of functionals
of an inverse Gram or covariance matrix appear in the higher-order corrections of Robins
et al., which use U-statistics of increasing order with inverse Gram matrices computed
under initial nuisance estimates [46, Theorems 3.14-3.15], and in the polynomial estimates
of Kong and Valiant [25, Section 2.2] and of Chen, Liu and Mukherjee [10, Section 3.2],
who estimate quadratic forms involving matrix powers by U-statistics.

We express the prediction as a sum of increments of anchored local fits over nested
dyadic cells (Section 3.2). Since consecutive fits reproduce the same Taylor polynomial
of f, each increment is small. To keep this Taylor cancellation, we clear the determinant
of the parent Gram matrix before we approximate the remaining inverse (Section 3.3).
After a known preconditioning, each local Gram matrix has its spectrum in [p_, p], and
an approximation of degree m gives an increment error of relative order e~™, up to a
factor polynomial in m (Lemma 3.4). The variance of the unbiased lift grows factorially
in the degree when the cells hold few observations, and this limits the usable degree. We
therefore lower the degree as the resolution increases, along a quadratic profile in the
logarithm of the number of cells per observation (Section 3.5). With this profile, we may

take T of order /logn, that is, a resolution gain of eOV1081) cells per observation, and

we gain the factor e~ 2(5~DT/(d+4) 'which is ¢e~*V/logn up to powers of logn (Section 3.7).
Our companion paper [4, Sections 4.1-4.4] and Park [42, Sections 3.2-3.4] also keep the
cancellation in projection increments over nested partitions before approximating the
inverses of Gram matrices, and they also lower the degree on finer partitions. Here the
increments are anchored at a design point, evaluated on close pairs, and normalized by
an estimate of the noise coefficient.

The lower bound. We build on the ternary law of Section 4.1, which already appears in
the third version of this paper [3]. Its probabilities are quadratic in the regression value.
By (6.1), we see that a centered perturbation of f with variance 1% changes the law of
one response exactly as an increase of V by 72 does. Hiding a change of the variance
by randomizing the regression mean is the principle of the lower-bound proof in [52,
Section 4.5], which places Gaussian regression values on smooth bumps, and of the fixed-
design lower bounds of Wang et al. [56, Section 6.2], which match finitely many Gaussian
moments. With the ternary law, only observations that share a local perturbation of the
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mean distinguish the two hypotheses. For 0 < s < 1, independent perturbations of size
h® on patches of scale h suffice, as in the one-dimensional random-design construction of
Shen et al. [50, Sections 2.2 and 5], whose design density vanishes between the plateaus
of the bumps. Here the ternary law makes the cancellation for one observation exact,
with a design density bounded away from zero (Section 5). Derivatives of expectations
of bounded statistics of the data along the resulting path are represented by a centered
score whose second moment, for nh? < 1, is at most a constant times h* times the
expected number of pairs of observations in a common patch, of order #%h%, and the
choice h < n~2/(@+49) gives the separation n~4/(@+45)_ For s > 1, the same balance would
give only n~%/(@+45) which is smaller than n~* by a power of 1, and we must reduce
the contribution of these pairs.

The likelihood of the observations in a patch contains the product of the values of the
design density at their positions. Robins et al. use priors in which the design density and
the regression function vary together [47, Section 3]. Here this correlation has two roles.
First, a joint update of the density and of f acts on the observations in a patch through
a function of their positions, provided that function has a separated representation
(Section 6.2). As in the third version, we choose this function by cardinal interpolation, so
that the covariance of the perturbation of f, evaluated at the observed points, is diagonal
(Lemma 6.3); here count two uses a separate rule (Section 6.4). Second, the density factor
selects the number of observations in a patch. We integrate the updates of the density
against a signed measure that represents evaluation at zero, as in the dual problem above.
Among counts at most m, an update then acts only on patches with a prescribed number
r < m of observations; larger counts can give aliases. The leading dependence of exterior
evaluation on the cutoff m is e™™; the full signed update also has factors that depend on
the selected count, the degree of the derivative rule and the separated representation
(Lemmas 6.4 and 6.5). Signed measures dual to polynomial approximation were used
to construct priors with matching moments by Lepski, Nemirovski and Spokoiny [30,
Section 4.4], and for the reciprocal by Wu and Yang [58, Appendix A]. The diagonal
covariance imitates an increase of the variance at each observation, which we cancel by
decreasing V. What remains are the defects of the interpolation, the remainders of the
tixed Taylor rule and of the rule for count two, and the aliases at counts beyond the
exactness range of the selectors (Sections 6.5 and 6.6).

These updates are signed. We realize them by a path of probability priors: we give
polynomial weights to finite histories of updates, which we organize as heaps of pieces
in the sense of Viennot [55]. Conditional annihilation (6.44) keeps the law of the design
density fixed along the path, and the centering of the reference marks (Lemma 6.8)
makes the mean of its total mass equal to one; the method of bounded differences
then concentrates this mass near one. The weights are positive by a deletion induction,
which adapts the argument for hard-core partition functions credited to Dobrushin and
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presented by Scott and Sokal [49, Section 5.1] (Section 6.7). A tilt by the nth power of the
total mass of the density cancels the normalization of the likelihood at a fixed sample size.
The third version Poissonized the sample instead and reweighted the priors to cancel the
random mass in the Poisson likelihood [3, Section 1.2, Step 3]. Removing the last update
computes the score of the path on every data observable, and the local cancellation makes
this score small (Proposition 6.10). Using the score-to-risk comparison of Lemma 4.1, we
then obtain the lower bound (Section 6.8). This comparison is related to the information
inequality [29, Chapter 2, Theorem 5.10] and to the comparison of mixtures of Cai and
Low [7, Section 2]; we integrate the derivative of the mean of an estimator along the path
and bound the two endpoint biases.

The common balance. Both proofs balance the logarithm x of the number of cells, or
patches, per observation against the degree m of the approximation, or the largest selected
count. Relative to n~*, a larger x improves the upper bound and weakens the lower
bound by the factor e=2(5-1)*/(d+4) 'while the approximation problem enters through
e™. In the upper bound, mx must be at most a multiple of logn, to leading order, to
control the factorial variance of the unbiased lifts. In the lower bound, it must be at least
a multiple of logn, to leading order, to make patches with more than m observations
rare. In each bound, the optimal choice takes x and m of order /logn, and in both

bounds it gives the factor e~ *V198" ith the same constant «. The third version already
used a balance of this kind in its lower bound, with an unspecified constant. Park [42,
Sections 2 and 3.4] and our companion paper [4, Section 1.3] use the same balance in
both of their bounds. The constructions below explain these mechanisms where they are
used, including the logarithmic corrections.

1.4 Related work

Variance estimation in nonparametric regression. Difference-based estimators of the variance
go back to the first-difference estimator that Brown and Levine [5, Section 1] attribute to
von Neumann and, later, Rice [43]. Gasser, Sroka and Jennen-Steinmetz [18] estimate the
residual variance from local linear pseudo-residuals, Hall, Kay and Titterington [21] con-
struct difference sequences that are asymptotically optimal, and Dette, Munk and Wagner
[11] compare quadratic-form estimators and their sensitivity to the regression mean.
Munk et al. [39] study the estimation of the noise variance by differences in multivariate
regression with fixed covariates, and Brown and Levine [5] and Wang et al. [56] study the
estimation of a variance function by differences under fixed design. Residual-based esti-
mators form a second family. Hall and Marron [20] estimate the variance from squared
nonparametric residuals, and Fan and Yao [17] estimate a conditional variance function
by local linear smoothing of squared residuals. The residual projection of Lemma 2.2
belongs to this family, and variance estimators based on pseudo-residuals that annihilate
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local linear trends were studied by Spokoiny [52, Sections 2.1-2.2]. Under random design,
Miiller, Schick and Wefelmeyer [38] estimate the error variance by a covariate-matched
U-statistic of squared differences. Du and Schick [16] give a covariate-matched version of
the pseudo-residual estimator of Gasser et al., which attains the asymptotic performance
of residual-based estimators under their conditions. The close-pair construction of Robins
et al. recalled in Section 1.1 does not use smoothness of the design density.

Shen et al. [50] study the estimation of the variance under random design, when the
standardized errors have a common law independent of X. In the multivariate case,
they estimate the variance by a ratio of two U-statistics of squared differences weighted
by a product kernel, and they prove that the minimax mean squared error is of order
n—8x/(4atd) \/ ;=1 when every coordinatewise Holder index lies in (0, 1], where « is the
harmonic mean of these indices [50, Section 4.1]. For isotropic smoothness s < 1, this is
the square of the rate in Theorem 1.3, and the estimator of Proposition 2.1 for 0 <s <1
has the same ratio form, with the indicator of a common dyadic cube in place of the
product kernel. Their multivariate upper bound [50, Section 4.1, Proposition 1] assumes
Holder smoothness at most one in each coordinate, so their results do not resolve the
higher-smoothness case considered here. The design densities used for the nonparametric
component of their lower bound vanish on sets of positive measure, so that construction
does not yield a lower bound for the present class. Conversely, the present constructions
for the lower bounds at rates slower than n~1/2 use the ternary law, under which the error
law Q, varies with x through f(x), so they do not establish the same lower bounds for a
model in which the errors have a common law independent of X. The design densities of
the present constructions are bounded above and away from zero, as the present class
requires.

Quadratic functionals and higher-order influence functions. By (1.1), estimating V amounts
to estimating the quadratic functional [ f2p. Donoho and Nussbaum [15] develop mini-
max theory for quadratic functionals in Gaussian models, Laurent [28] constructs efficient
estimators of integral functionals of a density from linear and quadratic approximation
terms, and Giné and Nickl [19] estimate the integrated square of a density by kernel
U-statistics. Quadratic regression functionals are studied in [23, 32]. The non-root-n
results in [32, Section 3.3] assume that the design density belongs to a Holder class of
smoothness strictly greater than 2(1 + €)s, in addition to being bounded above and away
from zero. With bounded responses and under these density conditions, Liu et al. state
that the constant variance can be estimated, adaptively over s, with mean squared error of
order (n/+/log n)_gs/ (45+d) when s < d/4 [32, Remark 3.5]. Higher-order influence func-
tion estimators are developed in [46, 48], and semiparametric minimax lower bounds by
the comparison of two mixtures in [47]; van der Vaart [54] reviews the underlying higher-
order tangent spaces. Mukherjee, Newey and Robins [37, Section 2.3] construct empirical
higher-order estimators that are semiparametric efficient, under their conditions, without
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estimating a smooth density. In the model in which the conditional variance may depend
on X and the design density has Holder smoothness S, > 0, Robins et al. conjecture that
the rate in their equation (1.3) is minimax, up to logarithmic factors, when B is too small
for their estimators to attain 745/ (4+45) For E{Var(Y | X)}, this rate tends to n=25/4, up
to a logarithmic factor, as B, — 0 [46, p. 338].

Functional estimation under rough design. For doubly robust functionals such as the
expected conditional covariance, let s be the average Holder smoothness of the two
nuisance functions. Robins et al. conjecture that their higher-order estimators, built from
an initial estimate of the density that is uniformly consistent, attain the rate n=2°/¢ in
probability, up to a power of logn, when s < d/4 [46, p. 381]. For a counterfactual mean,
Liu, Mukherjee and Robins describe an empirical higher-order construction whose bias is
of order n=2/4, up to a power of log n, without smoothness of the density [31, Section 4].
McClean et al. [35, Section 4.2, Theorem 1] construct a double cross-fit estimator of the
expected conditional covariance, based on undersmoothed local polynomial regression.
Under their moment and support conditions, they bound its expected absolute error
by a term of order n=2s/ d, up to logarithmic factors and stated with Op notation, when
s < d/4 and the density satisfies only upper and lower bounds. In concurrent work, Park
[42] and our companion paper [4] show that the minimax exponent of such functionals
is 2s/d below s = d/4 under the same assumption on the density; we compare these
works with ours below. The results of the companion include the quadratic functional
[ f?p and the average conditional variance IE{Var(Y | X)} of a bounded response whose
conditional variance may depend on X, with exponent 2s/d below s = d/4 [4, Section 3.2].
In the present model, where the conditional variance is constant, the exponent is instead
4s/(d +4s) for 0 < s < 1and A for s > 1, when d > 4s. For this model when s > 1
and d > 4s, with a design density of Holder smoothness above an explicit threshold,
Dobriban et al. show that a clipped higher-order influence function estimator of Robins et
al. has mean squared error at most Crn—85/(4+45) i in addition, the unclipped construction
satisfies the uniform integrated bounds in their equation (50) on squared conditional bias
and conditional variance [13, Theorem 2.1]. In our lower-bound priors for s > 1, the
design densities are updated patch by patch and can be discontinuous, so these priors
are not supported on a fixed Holder ball. Our lower bounds therefore do not apply to the
Holder-density classes of Dobriban et al., where their conditional bound is faster; they
note this limitation for an earlier version of this paper [13, Section 4].

Polynomial approximation and moment matching. Lower bounds for nonsmooth func-
tionals are often built from two priors whose moments agree up to some order, through
the duality between moment matching and best polynomial approximation; see Lepski,
Nemirovski and Spokoiny [30, Section 4.4], Cai and Low [7] and Wu and Yang [58]. Wu
and Yang use best polynomial approximation of the reciprocal on an interval bounded
away from zero [58, Appendix A]. The corresponding estimators replace the functional
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by a polynomial and estimate its terms without bias, as in [7, Section 4.1] and [24]. In
the present lower bound, the signed measures act on the values of the design density,
and in the upper bound, polynomial approximation replaces the inverses of local Gram
matrices. Related polynomial estimators of functionals of inverse covariance matrices
appear in [10, 25].

Concurrent work. Dobriban, Mukherjee, Robins and Wang [13] study the present model
with the additional assumption that the design density is Holder of some positive order.
For s > 1 and d > 4s, they construct a two-scale estimator. It partitions [0, 1] into cells
of diameter of order n~!/4, projects out the local polynomial trend of degree [s] — 1 in
suitable cells, and averages the squared normalized contrasts of one close pair per cell.
They prove that its mean squared error is at most Cn—46+1)/ (d+4), that is, that its root-
mean-square risk is at most Cn—" [13, Section 3.3, Proposition 3.4]. Their proof of this
bound uses only the upper and lower bounds on the design density [13, Appendix A.5].
Their paper was posted on 8 September 2026, one day before the third version of this
paper, which contained an estimator with the same bound. Theorem 3.1 improves the

bound Cn~* by the factor e_"\/@, up to powers of logn, and Theorem 6.1 shows that
the improved bound is optimal over ® up to a power of log n.

Park [42], in a paper posted on 4 October 2026, studies the expected conditional
covariance E{Cov(A, Y | X)} for responses bounded by one in absolute value, conditional
means E(A | X) and E(Y | X) in Holder classes of orders « and B, and an unknown
design density between known bounds 0 < ¢ < 1 < g. The conditional covariance
may depend on X. His Theorem 1 states that the minimax mean squared error is of
order n~! when a + 8 > d/2. For w = (a + 8)/d < 1/2, the theorem bounds it below by

—2w( )we—4 tw(1-2w) logn

a constant multiple of n logn and above by a constant multiple
of n=20(logn)W+iatapt1/2,=4y/Tw(1-2w)logn \yhere T is computed from g+ as in (1.7),
and g, and gg are defined as g5, with « and B in place of s [42, Section 2, Theorem 1].
When a = B = s, his root-mean-square exponent below the threshold is 2s/d, and his
coefficient of \/logn is (2/d)+/27ts(d —4s). For s > 1 and d > 4s, our exponent A
exceeds 2s/d by 2(d —4s)/{d(d +4)}, and our coefficient is k. The difference reflects
the constant conditional variance of the present model, which gives the identity for
squared differences recalled in Section 1.1. Park also reports a lower bound for the
average conditional variance of a single binary response [42, Section 2]; in that model,
the conditional variance may depend on X, and the lower bound does not transfer to
the present model. The two works share the threshold d = 4s, the constant 7, and the
identification of the coefficient of \/logn in the upper and lower bounds.

Both works use polynomial approximation on the density interval. In both, the
approximation of the reciprocal controls the bias of the estimator, and in Park’s lower
bound it controls the separation; our lower bound uses signed rules for the evaluation of
polynomials at an exterior point. Park’s estimator starts from a double cross-fit average of
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products of local polynomial residuals and subtracts bias corrections on nested partitions.
The corrections replace the inverses of the population Gram matrices by Chebyshev
matrix polynomials, they keep the cancellation of the parent polynomial trends, they are
estimated from distinct observations, and their degrees decrease on finer partitions [42,
Section 3]. Our estimator uses polynomial estimates of the regression increment inside a
pair statistic, and it relies on the constant conditional variance. Park’s main text describes
his lower bound through two mixtures with fixed cube probabilities, which give the same
distribution to the observations in each cube that contains at most r + 1 observations,
where r > 1 is the number of matched moments, and whose targets differ by a signed
reciprocal moment [42, Section 2]. Our lower bound selects counts by signed local
updates, which we realize by positive priors at a fixed sample size. Park cites the third
version and describes its bounds, which have an unspecified constant in the stretched-
exponential factor [42, Sections 1 and 8]; the present version identifies this constant as
x in both bounds. Our comparison is based on the main text of arXiv:2610.05006v1. Its
proofs are deferred to a supplement that is not part of the arXiv PDF or source files, as
checked on 8 October 2026.

In our companion paper with Kallus [4], we study missing-at-random means, treat-
ment effects and expected conditional covariances in fully nonparametric models under
rough design. For two nuisance functions with average Holder smoothness s, we obtain
the exponent 2s/d below s = d /4, and we identify the coefficient of |/logn in the upper
and lower bounds [4, Theorem 2.3]. For the expected conditional covariance, the exponent
and the coefficient agree with those of Park. The estimator for the main theorem of the
companion also approximates the inverses of local Gram matrices by polynomials on the
interval that contains their eigenvalues and estimates the polynomial terms without bias,
but it estimates the target directly, without regression fits or close pairs of observations.
The lower bound of the companion follows the strategy of the third version, with a
Poissonized sample, but its priors give the design density a random phase, and the two
mixtures are separated through a Fourier coefficient of the reciprocal of the density.

Earlier versions of this paper. Versions 1 and 2 of arXiv:2607.13170 [1, 2], posted on 14
July and 17 August 2026 under the title “On Rates Attainable under Random Design: A
Negative Answer to a Problem of Robins”, proved that v, > cn—P for all n > 1 when
s>1andd > 4s, where p = {d(3s+1) +8s}/{(d+2s)(d+4)}. Since B < 4s/(d + 4s),
this lower bound already shows that the rate in the question recorded by Richardson
and Rotnitzky is not uniformly attainable. Version 2 also established the exact minimax
rate of Theorem 1.3 for 0 < s < 1. Version 3 [3], posted on 9 September 2026 under the
title “Nearly-minimax variance estimation under rough random design”, proved that

cn—te CVIogn < v < Cn2 fors > 1 and d > 4s, with an unspecified constant C in the

stretched-exponential factor. These bounds identified the exponent A, and version 3 also
proved Theorem 1.4. Its upper bound used an interpolation estimator built from corrected
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response differences, and its lower bound used a Poissonized sample and approximate
matching of local moments. The present version identifies the constant « in both bounds,
so that the upper bound improves to CY¥,(logn)" and the two bounds differ only by the
factor (logn)!. It gives different proofs of Theorems 1.3 and 1.4, and its lower bound for
s > 1 uses signed local updates and positive priors at a fixed sample size.

1.5 Organization and conventions

Section 2 proves the parametric upper bounds by residual projection and the upper
bounds for low smoothness by pair differences. Its common risk bound for pair statistics
is also used in Section 3, which proves the refined upper bound for s > 1 and d > 4s.
Section 4 collects the inputs common to the lower bounds: the ternary law, one score-to-
risk comparison, and the smooth weights; it also contains the proof of the parametric
lower bound. Section 5 proves Theorem 1.3, introducing the local cancellation and score
argument in its elementary form. Section 6 develops this argument into the lower bound
in Theorem 1.1, using interpolation, count selection and positive priors built from signed
local updates. Corollary 1.2 is proved immediately after its statement.

All logarithms are natural. Constants may increase between occurrences. For a finite
signed measure y, ||| is the total mass of |u/|, that is, the total variation of y without a
factor 1/2.

The constants of Theorem 1.1 are recalled in Theorem 3.1. Apart from these and from
the model of Section 1.2, each of Sections 2, 3, 5 and 6 fixes its own notation, and several
letters, among them h, m, q, M, N, p, u and I, are also used there with local meanings,
declared where they occur.



SECTION 2

Pair differences and elementary upper bounds

Least-squares residuals directly give all of the parametric upper bounds. For low smooth-
ness, we obtain the remaining upper bounds from half the squared difference of two
nearby responses. We first record the resulting rates, which include a consequence of the
upper-bound construction for higher smoothness.

Proposition 2.1. Let s > 0,d > 1, and t = min{s,1}. There exists a measurable estimator
based on n observations such that, for every n > 1,

sup{]Ee(Vn _ V)z}l/z <C <n_1/2 vV n—2(s+t)/(d+4t)> . 2.1)
0cO®

For s > 1, this proves the upper bound in Theorem 1.4 and the simpler bound Cn~*
when d > 4s. For 0 < s < 1, it is the upper bound in Theorem 1.3. We prove every
case with d < 4s, including equality, in the next lemma. The bound for low smoothness
is proved below using pair differences. For s > 1 and d > 4s, Theorem 3.1 implies
the bound Cn~" for all sufficiently large 1, since its stretched exponential dominates its
logarithmic factor. The constant estimator v_ covers the remaining sample sizes.

We write O = [0,1] x R for the observation space, equipped with its Borel o-field,
and pg for the law of one observation under 6.

2.1 Parametric upper bounds by residual projection

When we fit cellwise polynomials, a fixed fraction of the observations remains available
as residual degrees of freedom. The approximation error is small even if the design
points are irregular or the local fit is rank deficient. Related variance estimators based on
normalized local linear pseudo-residuals are studied in [52, Sections 2.1-2.2], for fixed
design and conditionally on an i.i.d. random design.

Lemma 2.2. For every s > 0 and d > 1, there exists a Borel estimator satisfying

sup |V — V|2 < C(n V24 n72/1), n>1. (2.2)
0cO

In particular it attains Cn—'/? whenever d < 4s.

15
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Proof. Let { = [s] —1and g = (d#). For n > 2q, we set k = | (n/(24))'/?| and partition
[0,1]% into K = k% cubes, assigning their faces by a fixed convention. Then K < n
and gK < n/2. Let Bx evaluate a fixed basis of the cellwise degree-¢ polynomials at
X1,...,Xu, and let Px be the orthogonal projection onto its column space. We define

YTAxY

Ax=1,—-Px, dx=trAx>n—gK>n/2, V, = y
X

The projection is Borel even at changes of rank, since Px = lim, BX(B)T( Bx + quK)_lB)T(.

Let fx = (f(X;))i<n- On each cube, the Taylor polynomial centered at a fixed corner
of that cube approximates f uniformly to within CK=/4. For ¢ = 0, this is the Holder
bound; otherwise, it follows by integrating the order-¢ Holder remainder along a segment
in the cube. Since these polynomials give a vector in the range of Px, we have

||AXfX||2 S CTIK_ZS/d, IE(V” | X) —V = H ZfXH < CK~ Zs/d
X
Conditional on X, the errors are independent and centered, with variance V and fourth
moments at most C4. Expanding the quadratic form of a symmetric matrix A, we find

Var(e' Ae | X) = ZAZ Var(e} | X) +4V? )" A7 < Ctr(A?).
i<j

We also have Var(2fy Axe | X) = 4V||Axfx||*>. Using A% = Ax and Var(U+ W) <
2 Var U + 2 Var W, we obtain Var(V,, | X) < C/n. Then the conditional mean-square error
is at most C(n~! 4+ K~%/4), uniformly in the design points. We clip V, to [v_,v4] and
average over X to obtain (2.2). For n < 2¢q, we use the constant estimator v_ and increase
C. O

2.2 A common risk bound for pair statistics

We partition [0,1)? into dyadic cubes of side / and set kj(x, x') = h~% when x, x’ belong
to the same cube of this partition, and kj(x, x") = 0 otherwise, in particular when x or
x' lies outside [0,1)%. On the pair set {k, > 0}, we denote points by w = (x,x’) and let
My, (dw) = ky(x, x")p(x)p(x’) dx dx’. Then

1< /th <pe,  M{(u¥):xe A} <pElA] (AC[0,1)Borel).  (2.3)
Indeed, writing p; = IP(X € I), we see that the total mass is h~?Y_; p>. By Cauchy-

Schwarz and ¥ p; = 1, we obtain the lower bound, and p; < p.h? gives the upper
bound. The second assertion follows by restricting the first integration to A.
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A vector field c(w) = (1,c2(w), c3(w)) " represents the affine pair residual v’ + cp(w)y +
c3(w). We allow random coefficients to cover predicted increments; the constant field
(1,—1,0) " gives the ordinary response difference. For this field, the ratio N/D of the
statistics defined below is the average of half the squared response differences over pairs
of observations in a common cube. Miiller, Schick and Wefelmeyer [38] estimate the
variance by a covariate-matched U-statistic of this kind, and Shen et al. [50, Section 4.1,
equation (19)] use the same ratio form with a product kernel.

Independent pilots are useful because the mean of their product contains the product
of their mean prediction errors, without a pilot variance term. The fluctuations of the
pilots still matter, but the test-function bound below controls them once many pairs
are averaged. In the double cross-fitting of Newey and Robins [40, Section 2], two
nuisance functions are likewise estimated from independent samples, which removes
the additional nonlinear bias that remains under single cross-fitting. McClean et al. [35,
Section 3, Lemma 1] bound the resulting bias by products of mean nuisance errors, and
in their analysis the covariances between evaluations of the same nuisance estimates at
different points remain in the variance. When the observed response at the first design
point of the ordered pair is used in place of f(x), the noise coefficient changes, and the
denominator estimates exactly that normalization.

Proposition 2.3 (A common pair-risk bound). Let c4,cp be independent, identically dis-
tributed jointly Borel random vector fields on the pair set, with first coordinate one, independent of
an evaluation sample of m > 2 observations. Suppose m > cyn for a fixed ¢, > 0. Put ¢ = Ec 4
and (s = cs — ¢ for S € {A,B}. Suppose that, uniformly over 6 € ©, for deterministic
b,W > 0and a fixed Cp < oo,

sup|c(w)| <Cp,  supE[Zs(w)[2 < C,W,

w

H/VTQS th
m=cf fw) = (F&), F@. DT, Inlle <.

For O; = (X;,Y;), let wyr = (X;, X#), ziz = (Y, Y;,1)T, Py = diag(1,1,0), and (m); =
m(m — 1). Define

< CpvW/n|vll2(p,) for every Borel v € L2(My;R3),  (24)
12 l

~ 1
N = 2(m) Yk (X, Xir)ea(wi) T zinz e (wir ),

R i 2.5)
~ 1 :
D= ki (X, X )T D ),

2(771)2 i; h( ir 4 )C.A(sz ) OCB(sz )

reading a summand as zero when k;, = 0. These statistics are square integrable and ED > 1/2.
If a fixed a > 0 satisfies EgD > 2a for every 8, then, with clipping denoting projection onto the
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displayed interval,

A . N
Vl’l = Chp[z),,UJr] (m) '

sup ||V, — V|2 < C [bz F (V2 ) (14 W)} .
0c®

(2.6)

Here C depends only on the model parameters and (c«, Cp,a). In particular, a = 1/4 always
works.

Proof. Fix 6, and write y = py. Using the assumptions and (2.3), we obtain
sup,, Elcs(w)[? < C(1+ W) and, by Tonelli’s theorem, ]E||§5||%Z(Mh) < CW. Then the
random test functions used below belong to L?(Mj,) almost surely.

For an evaluation pair 0 = (x,y),0’ = (x/,y'), let z = (v/,y,1) ". We take either A =
zz' —VPyor A = Py, and define F = ¢ jAcg and Tr = [2(m)2] 1 ¥y s kn(Xi, X ) F(O;, Oy ).
The two resulting statistics are N — VD and D, respectively. The assumption on the
conditional fourth moments and |f| < Ls imply that E[||A[|? | X, X'] < C. Since the two
pilots and the evaluation sample are independent, we obtain

Br = // kE2di?,  EBr < C(1+W)2 2.7)

Note that this bound uses only one second moment from each pilot. By finite mass and
Cauchy-Schwarz, we also have E [ [ kj,|F|du? < oo. Since Elzz' | X, X'] = ffT + VP,
we have

1
E[Te | A,B] = Ly = 5 / c\BegdM,, B =ff' or P, 2.8)

Note that this calculation of the mean does not require independence between pairs, since
each ordered pair has law u2. Averaging over the pilots, we obtain

E(N - VD) = % / 2 dM, < CP?, 2.9)
ED = %/anoc-th > % (2.10)

In the last inequality, we used that ¢; = 1 and the lower bound in (2.3).
Both B and ¢ are uniformly bounded. Expanding the pilots, we find

1
Ly —ELp = 5 /{g};BH ¢ BZg + {4 Blg} dMy.

By the test-function bound, each linear term has L? norm at most C/W/n. For
the bilinear term, we condition on B and apply the same bound with the indepen-

dent test function B{sz. Then the squared L? norm of the bilinear term is at most
(CW/n)IEHBCBH%Z(Mh) < CW?/n. Since VW < 1+ W, we conclude that

|Lp — ELg||;2 < Cn Y2(1 4+ W). (2.11)
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For completeness, we include the order-two variance bound, which is elementary.
For a symmetric H € L?(u?), let Hi(0) = [H(o,0)u(do’) and H = [ Hdu?. We
decompose H = H + hy(0) 4+ hy(o’) + hz(o 0'), where h; = Hy — H and h; has mean
zero in either argument. The two orders are orthogonal; within each order, only equal
sets of observation indices contribute. Subtracting conditional means is an orthogonal
projection. The order-two Hoeffding decomposition [22] then gives

2
Var <(m) §H Ozroz’)> ||h1|]2+( ol < > [ iy +—/H a2,
(

2.12)
We now fix pilots with Br < co, symmetrize F(o,0’) = (F(o0,0") + F(0’,0))/2, and set
H = kj,F/2. This symmetrization preserves Tr. By Jensen’s inequality and k%l = h~%;,
we have [ H2du? < h=9Bp/4. A weighted Cauchy-Schwarz inequality gives

2 < %} (/kh dy(o’)) (/ kyE(0,0")? d;t(o’)) , /H%dy < p4+Bp/4.

Then (2.12) implies that
P+ 1
Var(T ,B) < — | Br. 213
ar(Te [ AB) < (By oV e @13)
By Cauchy-Schwarz, we also have |E[Tr | A, B]|> < p+Br/4, and (2.7) then proves
square integrability. Since (1), > m?/2 and m > c,n, taking expectations yields

ITe = Lllp2 < C(n V2 + 07 =) (1 + W), (2.14)

Finally, we note that clipping is 1-Lipschitz and fixes V, and that

~

N N—-VD-V(a—D),
max{D, a} max{D, a} .

Since ED > 2a, we have (a — D), < |D — ED]|, and it follows that
'V, — V| <a Y{|N—-VD|+v.|D—ED|}. (2.15)

Combining this bound with the two fluctuation bounds and (2.9), we obtain (2.6). The
reduction (2.15) is similar to that of Shen et al. [50, Appendix A.1, equation (28)], who con-
trol the error of their ratio through the numerator minus the target times the denominator,
on an event where the denominator is bounded below. O

Proof of Proposition 2.1 for 0 < s < 1. For n > 2, we apply Proposition 2.3 with all m = n
observations and the deterministic pilots c4 = cg = (1, —1,O)T. Then W = 0, and (2.5)
becomes

A~

N 1
N=——Y k(X;, Xi)(Y; — Yi)?, D=—VY k(X X).
2(7’1) 1; h 1 )(z z) (”)Zi; h( i z)
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The ratio N /D is a variant of the construction of Robins et al. [46, Section 4], which selects
one pair of observations from each cube that contains at least two. Our ratio averages
half the squared differences over all pairs in common cubes, as in the ratio estimator of
Shen et al. [50]. Here 7, = f(x') — f(x) has norm at most Ch®. Since ED = [dM,, > 1,
we may take 2 = 1/2 in (2.6), which gives RMS risk at most C(h% + n~1/2 4 n=1p=4/2)
for the clipped ratio. This statistic is Borel because its kernels are Borel and clipping is
continuous. Let 1 be a dyadic side length such that n=2/(#+4) /2 < | < n=2/(d+45) Then
the risk is at most C(n~1/2 v n=%/(@+4)) ‘including s = 1 and d = 4s. The remaining
case n = 1 is covered by the estimator v_, after we increase C. O



SECTION 3

A refined upper bound: resolving below
the sampling scale

Throughout this section, we assume that s > 1 and that d > 4s is an integer. We construct
one estimator from two predictions of a regression increment and an independent sample
of nearby pairs. By resolving the regression function below the sampling scale, we obtain
the following improvement.

Theorem 3.1. Let s > 1 and let d > 4s be an integer. Put L = logn and

2(s+1)
d+4 "’

K:4\/2T(s—1)(d—4s)’ . (d+[s}_1>.

(d+4)3

A=

There exist C < co and ny € IN, depending only on (s, d, p—, p+, Ls,v—,v+,Cy), such that for

every integer n > ng
s—1 , d(gs—1/2)
ty < Cn e VL Lt~ (3.1)

Recalling that ¥,, = n~ e *VLLG=D/W+4) and T = d(q, — 3)/(d +4), we see that the
bound (3.1) reads t, < C¥,L'. The constants do not depend on the extension domain U/;
the only property of the domain used in bounding the Taylor remainder is the convexity
of [0,1]%. We complete the proof in Section 3.8.

3.1 Setting and fixed quantities

For pairs in one cube of side /, the estimator uses products of two corrected response dif-
ferences, with corrections given by independent predictions of the increment f(x") — f(x).
Resolving the regression function at K cells yields a bias of order h2K~2(5-1)/4 and a pair
error n~1h~%/2. When K = ne’, balancing the two improves the rate n=* at the sampling
scale by the factor e~2(5-1T/(@+4) We achieve T =< ,/logn using unbiased polynomials
of local moments, whose degrees are chosen to control their factorial variances. Kong
and Valiant [25, Section 2.2] approximate a scalar functional of an unknown covariance
matrix by a polynomial in its powers, and they estimate the resulting quadratic forms
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without bias by sums over distinct observations. Chen, Liu and Mukherjee [10, Sec-
tion 3.2] approximate quadratic forms in an inverse covariance matrix by Chebyshev
polynomials and estimate the resulting quadratic forms in matrix powers by U-statistics.
The higher-order influence function estimators of Robins et al. [46, Theorems 3.14-3.15]
use inverse Gram matrices computed under initial nuisance estimates, together with
U-statistics of increasing order, to correct the bias of an estimator of a functional.

We write | - | for the Euclidean norm of a vector and ||-|| for the operator norm of a

matrix; the matrix blocks of a moment tuple are measured in the Frobenius norm. Let
¢=[s] —1and

gs = (d:ikﬁ)’ r=gs—1, L = logn. (3.2)

The constants for the approximation of the inverse and for the allocation are

VP VP e Te (01 33
B e=eTeo, 63
0= (s—1)/d, B =1/T,
d—4s _ 2(d+4s)

B (R oY

0, — \/30/B. (3.5)

T = log

In particular, we have

L2ty 2(;;41)% _ 4\/%(5(:11)(4&1)3_ 4s) (3.6)

Below, we write C,c for fixed positive constants. They depend only on p =
(s,d,p—,p+,Ls,v4,Cy4), and their values may change between lines. Together with the
model moment bounds, the feature constant Cy, of Lemma 3.2 and the analytic constants
M;, C; of Lemma 3.4 determine the variance constant Cy > 1, which is fixed sufficiently
large in Proposition 3.6.

Model bounds

Let u be the law of O = (X, Y), and let e = Y — f(X). By the assumptions of the model,
we have

sup |f] < Ls, (3.7)
[0,1]¢

E[(1+|Y]))? | X] < My :=2(1+L2+0,). (3.8)
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For the second bound, note that E[Y? | X] = f(X)?>+ V and (1 + |Y])? < 2(1 + Y?). By
Taylor’s formula, for all x,z € |0, 1]d, we have

flz) =), %fx)(z —x)7| < Craglz —x[5,  Cray = d'Ls/0L. (3.9)
ly| <t ’

To verify the endpoint convention for integer s, we apply the integral form of Taylor’s

formula in one dimension to F(t) = f(x + t(z — x)). The remainder after degree ¢ is
Ta-n"" ()
/0 o PO - FOo)ar

By the Holder bound and the identity }},—, ¢!/7! = d’, its integrand is bounded by
d’Ls|z — x|°, and the weight has mass 1/¢!. Since the segment stays in the convex cube,
the extension domain does not enter these constants. Finally, since V2 < C4, we have

Ve Iy := [v_,min{oy, /Cs}]. (3.10)

Cells and fixed samples

Forj >0, let D]- be the set of half-open dyadic cubes of side 277 in [0, 1)d, let z; be a cell’s
corner, and set K; = 2/ = |I|~!. We denote the cell containing x by I;(x). Any two cells
are either disjoint or nested, and

p_1<].—1 <P(Xel)< p+K]-_1 (I € Dj). (3.11)
We divide the first 3n;, observations into independent blocks A, B, P, where
ny, = |n/3], A =mn/é6. (3.12)
The first two blocks are used for the pilots, and the third for the pairs; the remaining
observations are discarded. For a block S of size m, we define the factorial sums

Yi(;S) = Y., ¢(0i,...,0;), (m) = m!/(m —k)!. (3.13)

1§i1,...,ik§m
i1,..., i distinct

The sum is zero when k > m, and Xy(c;S) = c¢. The admissibility condition below
ensures that the denominators are positive.

3.2 Anchored monomials and local fits

We index coordinates by Z = {y € IN?J : 1 < |y| < ¢}, taken in a fixed order, and let
q(v) = (v7),ez. For I € D;and x € I, we define

W1 x(2) = q(2(z — x)), Bi(x) = /[0,1]d g(w—u)g(w—u)dw, u=2(x—z). (3.14)
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We abbreviate ¢, , = ¥1(x),x and Bj(x) = Blj(x)(x). Note that the matrix Bj(x) is known;
its (v, 0) entry equals
d (1— ui)7i+5,-+1 _ (_ui)vi+5,-+1

E Yit+oi+1

The coordinate transport is the fixed diagonal matrix
Tj =diag ,(27") (j>1), To=0. (3.15)

In part (3) of the next lemma, we normalize the local Gram matrix by its Lebesgue
counterpart Bj(x), so that the density bounds place its spectrum in [p_, p4|. Park [42,
Section 3.2, equation (9)] obtains the corresponding spectral interval with a block basis
orthonormal for Lebesgue measure. Our companion paper with Kallus [4, Section 4.2,
proof of Lemma 4.3] uses a basis orthonormal for normalized Lebesgue measure on each
cell and includes the reciprocal cell volume in its Gram matrix.

Lemma 3.2. There are fixed cg,Cp > 0 and Cy > 1, depending only on (d,s), such that the
following holds at all cells and anchors.

(1) The components of 1 x form a basis of the degree-at-most-£ polynomials vanishing at x, and
Kj/l1pl,x¢{xdz —Bi(x), ¢l < By(x) < Cyl,. (3.16)

(2) We have \/t,+/Cg/cg < Cy, sup; [¢prx| < Cy,

[pr.(x)] < Cp2l|x' —x| (X' €1), (3.17)

and on I, |By(x) "1, [|Br(x) "' ¢pratp] lp < C
(3) If p— < p < py almost everywhere on I and H = K; |, Pkbl,lelTde, then

p—Br(x) = H =< p4Bj(x). (3.18)

Thus Br(x)~'H is similar to a symmetric matrix with spectrum in [p_, p+], with similarity
condition number at most x := +/Cg/cp.

4) On all ofIRd,forj > 1,
Ve =T ¥ |7l <172 (3.19)

(5) The features and known inverse By(x) ™! are continuous in their arquments on each fixed cell
and globally Borel; the transports are constant.

Proof. The centered monomials form a basis of the space of anchored polynomials, and
the Gram identity follows from a change of variables on the cell. If a coefficient vector
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is nonzero, then the corresponding polynomial is nonzero, and its squared integral
is positive. Since u ranges over the compact cube [O,l]d, the constants cg, Cp can be
chosen uniformly by continuity, and Bj(x)~! is continuous. Part (2) holds after we
increase the single fixed constant Cy, since the monomials, their gradients and this
inverse are bounded. Part (3) follows from the density bounds: writing B = Bj(x),
we see that S = B~1/2HB~1/2 has spectrum in [p_, p+] and that B~'H = B~1/2SB/2,
Scaling each centered monomial gives (4), because |y| > 1. Finally, (5) follows from the
explicit formulas on each cell and the fact that the cells of each level form a finite Borel
partition. [

Preconditioned moments and the anchored fit

For a parameter 6 = (p, f,V,Q) € ©, we define
- K / @O¥ia2a(2) a2 Gx) = By(x) (),

ﬁ( 1K/ ¢]x )f(z)dz, m]( 1K/ ‘P]x

(3.20)
These quantities are bounded uniformly in the level and the anchor, and they are Borel
by dominated convergence on each cell. Using the similarity in Lemma 3.2, we obtain

IGiIl <xp+,  IG7H <xp=!,  pl <detG;<pl. (3.21)

For a formal anchor value y € IR, we set
biaiw) = Bi() — () = Bi(x) K | p@wa() /() -z 622)

At the root, the parent values are G_1 = I, and f_; = m_; = 0. Since p_ <1 < p4, the
spectrum of this parent lies in the same interval. We define the moment tuples by

9]( x) = (G Gj-1,Bj, Bj—1,mj, m;j_ 1)(x) € E. (3.23)

The fixed finite-dimensional space E carries the Frobenius norm on its matrix coordinates
and the Euclidean norm on its vector coordinates. The population fit and the increments
are defined by

aj(x) = Gi(x)7'bj(x; f(x)), a1 =0,  5i(x) =aj(x) — Tjaj_1(x). (3.24)
We note that the known preconditioner cancels in the fit: a; = H ]._lK]- | 5i(x) pix(f — f(x)).

Lemma 3.3. Uniformly over parameters, levels and anchors, the following holds. (1) For x €

I]'(x),

F() = F(x) = i (3) Taj(x)| < Cl" — x[27767Y, (3.25)
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(2) The increments satisfy '
10;(x)| < C27F°. (3.26)

(3) For every | > 0and x' € RY,

Wy (x) Tay(x Z P (x . (3.27)

The constants depend only on (d,s, p—, p+, Ls).

Proof. The nonconstant part of the Taylor polynomial is Py = gb].Txcj, where ¢, =

27717197 f(x)/!. Then cj = Ticj_q for j > 1. Let gx = f — f(x) — Py. By the normal
equations, we have

aj = cj+ej, 1I< / (2) 1+ (2)0x(2)dz. (3.28)

Then (3.9) implies that |ox(z)| < C|z — x|°. Combining this bound with ||H].*1|| <
(p—cp)~! and the boundedness of the features, we find

lej| < C275. (3.29)

The error of the fit equals ox(x") — 9 (x") Te;. Since |x’ — x| < \/d 277, the Taylor bound,
together with the Lipschitz bound on the features, implies (3.25). For j > 1, we have
6; = ej — Tiej—1, which proves (3.26). At the root, the increment bound follows from
| f f(x)] <2Ls and the bound on the inverse Gram matrix. Finally, by (3.19), we have
yb]’xé = tp],xa]' - v,bjT_anj_l, and the telescoping identity follows by summation. O

3.3 A polynomial estimator of a fitted increment

Recall that the fits at consecutive levels reproduce the same Taylor polynomial. To
preserve this cancellation, we clear the determinant of the parent before approximating
the remaining inverse. Our companion paper uses the same device for products of
two projection residuals: it clears the determinants of the parent Gram matrices and
approximates the remaining inverse and reciprocal determinants by one joint series [4,
Sections 4.1-4.2]. Park [42, Section 3.3] uses matrix polynomials that annihilate the
polynomial trends of the parent exactly, in a multiresolution estimator of the expected
conditional covariance. Let t(z) = (2z — p— — p+)/(p+ — p—) and kg = (p_p+) '/ For
a free square matrix M, we define the formal series

§c(M) = xo(1 — p*2*){I + 200t(M) + p*C*1} 71,
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whose denominator has constant term I. Let
m

Pu(A,C) = kZ [0{g;(A) detg;(C)}. (3.30)
=0

Its degree in the matrix entries is at most m, since the recurrence for the inverse produces
coefficients whose degree is at most their order in the series, and the determinant and
the product preserve this bound.

For integers m; > 0, we set D; = m; + gs. Writing G = G;(x) and G~ = G;_1(x), we
define

Nj(xy) = det(GT)b(x;y) — GTjadj(G)bj1(x;y),
Fi(x;y) = Puy (G, GO )Nj(x;).

Here adj(C) is the adjugate, which satisfies adj(C)C = det(C)I, and adj(C) =1 for r = 1.
The root convention gives Ny = by and Fy = Py, (Go, I)byp. We regard the right sides as
polynomials F; (0;y) in the free moment tuple 6 € E. Their coefficients are known and,
since b = B — ym, affine in the formal variable y. For x" € I;(x), the polynomial to be
lifted is

(3.31)

J
Px,x’(e;y) = Z Ebj,x(x/)TFj,x(Gj;y)/ 0= (9(),. cey 9]). (3.32)
j=0

We write D*®(0)[v1, ..., 7] for the mixed derivative of ®(6 + ¥_; t;7v;) at t = 0, with the
convention D'® = .

Lemma 3.4 (The increment polynomial). There are fixed Cinc, M1, C1 > 0, depending only on
(d,s, p—, p+, Ls), with the following properties at every population tuple, level and anchor, for
arbitrary nonnegative degrees m;.

(1) For every real y,
G 'det(G)'Wj(x;y) = G bi(x;y) — Ti(G ) b a(xy), (3.33)
and hence .
Vi f())] < xp 3 (x)] < Cine2 (3.34)
(2) The approximation error satisfies:
|Fi(x; f(x)) = 8j(x)] < Cinc2 ¥ (mj +1)"p"™i. (3.35)

(3) The polynomial F;(0;y) has degree at most D; = m;j +r + 1. Every monomial contains one
vector-moment coordinate, to first power, and has coefficient constant or linear in y. Thus each
observation’s response enters its factorial lift at most to first power.
(4) Uniformly for |yo| < Ls, ® € {F;x(-;0), —0yF;x, F;x(-;y0) }, k > 0 and all directions in
E,
DX (8;(x)) 71, - -, vl | < MakiCE T T Il (3.36)
i

The constants My, Cy depend only on (r,p—, p+, Cy, Ls), not on the level or degrees.
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Proof. For z € [p—, p+], let ¢ be such that t(z) = cos¢$. Summing two geometric series,
we obtain the Chebyshev identity

ge(z) = rko{1+2 ) (=p0) cos(kg)}, o] <p™!

k>1

Its coefficients have modulus at most 2xp*, and a direct substitution of p shows that
¢1(z) = z~1. The identity is the weighted generating function of the Chebyshev poly-
nomials [12, Eq. 18.12.7]; for generating functions, see also [33, Section 5.2.1] and [45,
Section 1.5]. At { = 1, after an affine change of variables, it is the classical Chebyshev
expansion of the reciprocal [33, equation (5.14)], [34, equation (2.4)]. By Lemma 3.2(3),
each population Gram matrix is similar to a symmetric matrix with spectrum in this
interval, through a similarity with condition number at most x. The bound on its matrix
coefficients then gains only the fixed factor x. Since the determinant is invariant under
similarity, its r scalar factors satisfy the original bounds. Convolving these bounds, we
tind

112504 detsge (O} < w17 )

For these population matrices, the series at one equals A~!det(C)~!. Using (’"J’HIH) <
(r+1)(m +1)7("*7) and Tz ()" = (1 - p) ", we obtain
IPm(A,C) — A det(C)7Y| < C(m+1)"p™. (3.37)

We obtain (3.33) from the adjugate identity, and at y = f(x) this identity gives
N; = det(G™)Gd;. Then (3.21), together with (3.26), implies (1). For (2), we multiply
the bound on the small numerator by (3.37). Each monomial of the numerator contains
at most r matrix coordinates and one vector coordinate. Since P, contains only matrix
coordinates and has degree at most m, this proves (3), including the substitution at the
root.

For (4), let R = (14 p~1)/2, and consider the set

G={B'H: B=B',H=H', I, <B=Cjl, p B=XH=p,B}

This set is compact. To see that it contains every population Gram matrix, we divide
the known Lebesgue Gram and its density Gram by cp. It also contains the root parent
I,. Since its members are similar to symmetric matrices with spectrum in [p_, p], the
matrix I, +20(t(A) + p?¢%I, is invertible on G x {|¢| < R}.

Recall that the vector moments are uniformly bounded and that || 7;|| < 1/2, including
To = 0. By compactness and the continuity of inversion, there exist fixed €, M > 0 such
that the y = 0, y = yo and —0, versions of g;(G) detg;(G~)Nj(6;y) are bounded by M
for || < R, |6 —0;(x)| < € and |yo| < Ls, and are holomorphic on a neighborhood of
this set. We choose € small enough that the closed neighborhood lies in this holomorphic
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domain. Within this neighborhood, perturbations of the matrices may be complex and
need not be symmetric.

By Cauchy’s formula, each { coefficient is bounded by MR~!, where I is its order in
the series. Summing the geometric series, we find that all partial sums are bounded by
M' = M/(1 — R™1), independently of m;. For nonzero directions, the Cauchy estimate
in each direction on |t;| = €/ (k|v;|) gives

IDA(8) [, wel| < MU (k/€) T |l < M'ki(e/e)* T T Il

In the last inequality, we used the fact that k! > (k/e)*. The cases of zero direc-
tions and k = 0 are immediate. All compact sets and bounds above depend only
on (r,p—, p+,Cy, Ls), and this proves (4). O

3.4 Unbiased polynomials from a fixed sample

Let S = (0y,...,0y,) consist of independent observations with common law u. A
polynomial ® : RN — R’ of degree D < n; has a unique homogeneous expansion
o(0) = P, Dy[0,...,0], where @y is symmetric and k-linear. Using the factorial
sums of (3.13), we define its unbiased lift by

B(5:g) = 3 WO 80LS)

k=0 (nb)k

(3.38)

The lift is linear in ®. If the coefficients of the polynomial are affine in a formal variable y,
we lift the coefficients and leave y unchanged. For the indicator of a cell and a monomial
of degree k, the lift is the falling factorial of the cell count divided by (1, ), the unbiased
estimator of a power of a cell probability used in [24, equation (21)].

To compute the variance, we expand around the mean 6 = [ gdyu. This mean enters
the analysis, while (3.38) is computed from the known coefficients of the polynomial.
For scalar kernels on O, let E; denote integration of the ith argument against , and let
Il = H§:1(I — E;). Since the operators E; commute and are orthogonal projections in
12(344), we have [[TTH]2 < ]2

Lemma 3.5 (Centered Taylor identity). Let g € L2(3;; RN), 0 = [ g¢dp and Z(0) = g(0) — 6.
The lift is square integrable, has mean ®(0), and satisfies

= & 1 k _ NI
- 9) = k; k!(nb)kE"(D @(0)[Z(-),...,Z(")];S). (3.39)

Fora € R, put
Ki(oq,...,08) = a-D*®(0)[g(01),...,5(0k)]- (3.40)
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If0<A<n,—D+1, then

Var(a- &) i ||Hk/Ck|| i
ar(a-®) =) ———F—— =
iz Km k=1

||’Ck||

k'Ak (3.41)

For a measurable field of scalar lifts, write Z(w) for the centered lift and IC, i for its raw kernels,
padding with zero up to a common degree D. Let M be a finite measure and suppose these kernels
have uniformly bounded L?(uX) norms. For v € L2(M), if a finite partition into blocks B has
disjoint observation supports for raw kernels from distinct blocks at every order k > 1, then

D AM(w)]|?
H/V(ZU)Z(ZU) dM(w) Hf k'Akk M( )HZ
2S5 N - (3.42)
< ml?xM / Z :j\kk 2 dAM(w).

The first inequality also holds without the support assumption.

Proof. By multilinearity and independence, every summand of the lift is integrable, and
the lift has the claimed mean. Each summand is square integrable because ¢ € L2.
We expand each homogeneous term using ¢ = 6 + Z. For a term of degree | and a
choice of k centered arguments, summing over the unused observation indices gives
the factor (n, — k);_x. Since (np); = (np)r(ny — k);_y, its coefficient after averaging is
(zlc)q)(l) (Z,...,2,0,...,0]. Summing over | > k, we obtain D*®(0)[Z,...,Z]/k!, which
proves (3.39).

Observe that each centered kernel integrates to zero in any one of its arguments. Two
summands in (3.39) are therefore orthogonal unless their tuples contain exactly the same
observation indices, since an index that appears only once can be integrated first. At order
k, there are (n;); choices of the first tuple and k! reorderings for the second. Further, we
have IT K, = a- D*®(0)[Z,...,Z], and this proves the variance identity. The inequality
follows from the fact that Iy is a contraction and from (1) > (1, — D + 1)k > Ak,

For the integrated version, since M is finite and the kernel bounds are uniform, we
have [ |v|||Kqyxll2dM < co. By Minkowski’s inequality and Fubini’s theorem, we may
then integrate the centered Taylor identity and commute the integral with I1;,. We apply
the variance identity and the contraction property of the projections to the integrated
kernels. At each order, the block integrals are orthogonal because the raw supports are
disjoint, and Cauchy-Schwarz on each block gives

2
|/, < L M(B) [ V2K uxlGam.
2 B

Summing over k completes the proof of (3.42). We note that the localization takes place
before centering; the actual covariances between different blocks for the fixed sample
need not vanish. ]

vy,
B
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Since each centered kernel integrates to zero in any one of its arguments, the centered
Taylor identity is the Hoeffding decomposition [22] of the lift. Our companion paper
defines the same lift and proves the same covariance identity [4, Section 4.3, Lemma 4.4].
A variance identity of the same form, for polynomial combinations of complete U-
statistics estimating trace moments, appears in [51, Theorem 6.2].

3.5 Definition of the estimator

The estimator uses the independent pilot and evaluation blocks and the comparison
parameter A of (3.12).
Its parameters are a final level | > 0, degrees my,...,m; > 0 and a pair level J, > ],
all of which are integers. We set
h=2"h K.=K =2V, Dij=mj+q,(0<j<]).

We say that the parameters are admissible if

J20, m=0(0<j<]), Ju=]
max D; <np, — A +1, n,—1>A. (3.43)
0<j<]

The condition on the degrees ensures that the unbiased polynomial estimates below are
defined and that their variances satisfy Lemma 3.5. Here V,, denotes the estimator with
whichever admissible parameters have been specified. The bounds in Section 3.6 apply
to every such choice; the allocation below yields the bound in Theorem 3.1.

Raw features and pilots

For an observation 0 = (z,y,), we define the raw features

(Gjer Bt 1) (0) = KiLp () (2) (Bj(%) ™' (2)81,0(2) T Bi() ™ 2(2)y0, Bi(x) " 2 (2)).

(3.44)
Since E[Y | X] = f(X), their means are (Gj, B;,m;)(x). For the fixed parent of the root,
we use the features (Q_lrx,ﬁﬂllx,mﬂllx)(o) = (Ir,0,0)1(g 1ya(z). These have the required
means, because X € [0,1)% almost surely. We collect the current and parent features in
the same order as the moment tuple:

8jx = (Giw Gi-10 Bi Bi-1 oMo mi_1,), ] 20. (3.45)

By (3.8) and Lemma 3.2, these known features are square integrable. Further, Eg;, =
0;(x). Let g&x = (80,x,---,&J,x)- For each independent pilot block S € {A, B}, we apply
the lift (3.38) directly to (3.32), keeping y as a formal variable:

P u(y) = Pror(S; 80 th]x (59)(S; 8- (3.46)
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The second equality follows from linearity, so only degrees up to max; D; are required.
The pilot is affine in y, with coefficients given by

~

ug = P;S:x/(()), g = —ayﬁf,x/ (y), ﬁf’x/ (y) =Uus —Yyus. (347)

Pair statistic

The pair statistic uses the kernel kj, of Section 2.2, with h = 27/i. Since J, > J, its
pair points satisfy x’ € Ij(x). On the pair set, we define the coefficient vector ¢s =
(1,v5 —1,—ug) ", so that

s ) =y —y—Peay).

Let N, D be given by (2.5), with m = n;, and the evaluation block P. The estimator is

_ N
V, = cli —_— . 3.48

As in (2.5), a summand is zero off the pair set. The denominator bound in Proposition 2.3
allows us to use the threshold 1/4, once we verify the pilot hypotheses of that proposition
in Proposition 3.6.

Parameters for the refined bound

Recall that L = log n. Approximation at the fine levels requires roughly Tm; > T — t]-),
while the factorial variance costs exp{m;(t; +1ogm;)}. At the required degree, the leading
logarithmic variance cost is largest near t; = T/2. The quadratic profile below keeps
the factorial variances within the budget specified below and gives a Gaussian bound
for the approximation errors. Park [42, Sections 3.3-3.4] also lowers the degree on finer
partitions and balances the geometric approximation error against a factorial variance,
and our companion paper uses a related balance [4, Section 4.4]. For n > 3, we set

2(n+2)
5

Since ﬁai /4 = 2w, we eventually have S > 1 and

Cs=1+ S =a.vVL—Cg. (3.49)

BS?/4+ (7 +2)S < 2wL. (3.50)
When S > 1, we define

Cp = max{1,4B}, {s=10g(CoCpS), v+«=(r+1/2)/8, T°=S—{s—.log§,
(3.51)
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where Cy > 1 is the constant fixed in (3.59), and the quadratic profile

Qs(z) = S/4+ (S—2)2/8. (3.52)

We will need the identities
24+ Qs(z) — S = (z— S/2)*/8, (3.53)
2Q4(2) =5%/4— (S —2)(z—5/2)2/5 < S*/4 (z<S). (3.54)

The candidate parameters are

_ L+T° _nd] _

]_ \‘dlong/ K*—z , T—log(K*/TZ),
ti = log(K]-/n), zi=tj+4ls, uj=2z;—5/2, -
Dj=|pQs(z)], mj=Dj—qs (0<j<]), (3:55)

R, = (ho)ZK*—Zﬂ — n—l(hO)—d/2.

Level-dependent quantities are used only if | > 0. Rounding gives
T° —dlog2 < T<T°, h°/2 < h <h°. (3.56)

There are O(L) levels, the maximum degree is O(L3/2), and the fine levels have degree
O(V/L). The shift £5 accounts for the factorial variance, and the term -, log S accounts
for the prefactor in the polynomial approximation and for the O(v/S) contributing levels.
Section 3.7 verifies these statements and admissibility.

For every n, the estimator is (3.48) if n > 3, S > 1 and (3.43) holds, and v_ otherwise.
The estimator defined by this convention is jointly Borel in the observations. Indeed, the
known features are Borel, the extraction of polynomial coefficients is a finite algebraic
operation, and all factorial sums are finite. The pilots are jointly Borel in their anchors,
evaluation points and pilot samples. The pair indicators and the zero convention off pairs
are Borel, while the flooring of the denominator and the clipping are continuous. The
fallback branch depends only on n and on known constants.

3.6 The pilot and its risk bound

Fix admissible parameters (3.43), and let i be the law of one observation. For a pair point
w = (x,x') with x’ € I}, (x), we have |x' — x| < vdh and

hKY/ 4 =2/ < 1. (3.57)
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We denote by M, the pair measure of (2.3). For either pilot block, we center the coefficient
vector:

¢ = Ecg, (s =cs—C. (3.58)
We fix one constant
Co>1 (3.59)
that is sufficiently large for the feature and derivative bounds below, and we define
D; CaK:\ ¥
wj:Zk!( ° ’) , (3.60)
k=1 n
H. = max wjmax{1,n/K;}, W =Hh’K¥"H,, (3.61)
0<j<J
b, =h |K; Y+ Z(:)K]. (m;+1)"p™ (3.62)
]:

All constants in this subsection depend only on the fixed model parameters, uniformly
over levels, anchors and polynomial degrees.

Proposition 3.6 (Polynomial-pilot risk). For every admissible choice, the pilots and pair
statistics are square integrable, lEgﬁ >1/2, and

sup 1V — V2 < C{B2 4+ (n" V20 th=?2) (1 + W)} (3.63)
S
The pilot mean is
EP; . (y) = Z](;)in,x(x')TFj(x;y)f (3.64)
and its coefficient vector satisfies i
sup [c(w)| < C, (3.65)
sup IEV!VCS (w)[> < CW, (3.66)
H/ v'{sdMy, LS CVW/n vz, (v € LX(MyRY)). (3.67)

Proof. The current and parent raw features are supported in I]?L(x) = Imax{j-1,0} (%), and
they satisfy

81x(0)] < CRH(1+ ol 5y (20) (3.68)

We enlarge the fixed constant to cover the root-parent block I,. By (3.8) and |I]+(x)| <
24/ K;, we have

/ 18,7 dn < CK; (3.69)
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for some fixed constant Cq. The lift lemma implies square integrability and (3.64). On
pair points, we have
[y ()] < ChEK/. (3.70)

The order-zero bound in Lemma 3.4 and 2}:0 K}/ 4 < oKl/d imply that both coefficients

of the mean pilot are bounded by ChK}/ d < C.
For either ®; = F; ,(+;0) or ®; = —dyF, ,, we consider

Zj(w) = ;. (x') {D}(S; gjx) — j(6;(x))}-
Its raw kernel of order k is ;. (x) " D*®;(6;(x))[g;x(01), - -, &jx(0k)]. Using the deriva-
tive bound Mlk!C]f and (3.69), we find that the squared norm of this kernel, divided
by k!AK, is at most ChZK]Z/dk!(6C%CgK]-/n)k. We choose Cy > 6C2C, before fixing the
allocation. We partition the pair points by the parent cells of their anchors. Raw kernels
from distinct cells have disjoint observation supports, and each block of pair points has
M}p,-mass at most C/K;. By (3.42), we have

]EZ]'(W)Z < ChZK]z/dwjl < ChZKZ/d 1w]||1/||

/ vZdMy |

Since w; < H, and w; / Kj < H,/n, Minkowski’s 1nequality and the same geometric sum
give (3.66) and (3.67) for the last two coordinates of s, and its first coordinate is zero.
By Tonelli’s theorem, we have E [ |{s|?dM;, < CW < oo, which justifies the almost-sure
integrals.

For f = (f(x'), f(x),1) ", the mean residual is

mp=Ccf= flx Z’ab]x TP (x; f(x)). (3.71)

We subtract the telescoping finest fit of Lemma 3.3. Its error is at most ChK; %, and by
Lemma 3.4 and (3.70), the remaining sum is at most Ch }; Kj_ﬂ(mj +1)"p™i. We conclude
that ||7),||ec < Cby,. These estimates show that the pilot hypotheses of Proposition 2.3 hold,
with b = Cb;, and variance budget W. The pilot coefficient fields are jointly Borel by the
polynomial construction. Admissibility implies that n;, > 2 and n, > n/6. We apply the
proposition with m = ny, c, = 1/6 and a = 1/4, and it proves the denominator bound,
square integrability and (3.63). Further clipping to Iy fixes V and cannot increase the
error. O

3.7 One allocation for bias and variance

We use the quadratic profile and parameters of (3.55). All constants below depend only
on (s,d,p—, p+,Co). By the spatial balance and the dyadic rounding, we have

() dHH/2 — = 1K20 - R, = (h°)?K; 2 =n Y (h°) Y2, B°/2<h< K. (3.72)
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Since d9 = s — 1 and K, = nel, we also have
(hO)ZKi/d _ 6—2(0L+17T’ R, = n—/\e—2(s—1)T/(d+4). (373)

Lemma 3.7 (Allocation). For all sufficiently large n, the parameters (3.55) are admissible and
satisfy

2 K;®(m;j+1)"p™ < CK.*. (3.74)
Consequently,

b, < ChK;% b < CR.. (3.75)
Moreover, with ¢ = (d —4s)/{4(d +4)} >0,

W<1  nY2<n ‘R, (3.76)
and
n~1h=4/2 < 24/2R,. (3.77)
The resulting risk scale is
R.,=n K\FLdHJr d+}1/2). (3.78)

Proof. By the choice of S, we have S < /L and, eventually, 8S2/4 + (7 +2)S < 2@L. The
floor in ] gives T = T° + O(1) > 0 and

—L—i—fs§2j§T+£5§S—'y*logS§S. (3.79)

Since Qg(z) = S/4+ (S —2)?/S, all degrees satisfy D; > BS/4 — 1 and max; D; =
O(L3/?) = o(n). Then J > 0, m; > 0, and the sample-size conditions in (3.43) hold
eventually. In addition, we have

thi/d < e—Z(DL+77T < e_.BSZ/4_ZS < 1. (380)

Since hKl/ L ~Ji, this proves [, > | and hence admissibility.
For the bias, recall that u; = z; — §/2. Using the identity z + Qgs(z) — S = (z —
5/2)2/5, the degree floor, and S — ¢s — T > . log S, we obtain

—ﬂuf/s

Kj—ﬁpmf < CK;PsT1/2 (3.81)

Here we also used that T8 = ¢ and m; > [5Qs(zj) —gs —1. For S > 1, we have
Qs(zj) < S+ 3u]2/(25), which implies that (m; +1)" < CS"(1 + uJZ/S)r. Absorbing this
polynomial factor into half of the Gaussian exponent, we find

K (mj 4+ 1)p" < CK 051275/ 29), (3.82)
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Since the u; have spacing dlog 2, their Gaussian sum is at most C V/S. This proves (3.74),
and (3.75) follows from h < h° and (3.72).

For the variance, we abbreviate x; = CoK;/n = ¢%/(CpS). Whenz < 0and S > 2,
differentiation shows that e*Qs(z) < 55/4. This implies that D;x; < 58/(4Cp) < 5/16 <
1/2 for zj < 0. The factorial series then has ratios of successive terms at most 1/2,
which gives w; < 2x; and w; max{l,n/K]-} < 2Cp. For 0 < z; < S, the profile gives
Dj < 5S/4 < CpS and Djzj < pS*/4. Using k! < D, we have

D;
w; < ¥ k% < CpSePS /4, (3.83)
k=1
Since max{1,n/ K]-} < CoCpS on these fine levels, H, < ZCOC%SZeﬁSZ/ 4 The reserve gives

W < 2CyC35% 25 — 0. (3.84)

The pair-noise bound follows from (3.72). Further, since T < S = O(v/L) and 1/2 — A =
2¢, we have n~1/2 /R, < n—2ceCVL < n~¢ eventually. This proves (3.76) and (3.77).
Finally, since log S = 1 log L 4+ O(1), we have

T—aV— 1 +27* log L + O(1).

Substituting this into (3.73), and using 2(s — 1)a./(d +4) = x and 7. = (gs —1/2)/9,
we obtain (3.78). ]

3.8 Completion of the upper bound

Proof of Theorem 3.1. The estimator is Borel by the construction in Section 3.5.

For all sufficiently large n, Lemma 3.7 supplies admissible parameters such that
b% < CR,W<1,and n V24 1p=9/2 < CR,. Inserting these bounds into the master
bound (3.63), we obtain

t, < sup ||\7n — Vl|;2 £ CR..
0cO

Using the rate identity (3.78), we see that this is exactly the asserted bound, with constants
that depend only on the stated model parameters. O



SECTION 4

Preliminaries for the lower bounds

In this section, we collect the inputs common to the lower bounds in Theorems 1.1, 1.3
and 1.4: a ternary law, a score-to-risk comparison, and smooth weights whose squares
sum to one. We also prove the parametric n~!/2 lower bound, which is valid for every
s > 0. The lower bound in Theorem 1.1 is proved in Section 6, and the lower bound in
Theorem 1.3 is proved in Section 5.

4.1 The ternary law

Every construction for the lower bounds uses the following response law, which already
appears in the third version of this paper [3, Section 3, equation (3.1)]. Fix constants

v_ < v <min(vy,/Cy), v<a%<C4/v, ay > 0.

Such a choice is possible because v> < C4. For a regression value f and conditional

variance V, let Y take values in {—ay, 0,ay } with probabilities

V4 2+ V4 f2
e (f,v) = VHLENS vy <1 TS @
Y Y

Then EY = f, VarY =V, and
E(Y — f)* = a3V + (6V — 3a3) f> + 3f*.

At (f,V) = (0,v), all three probabilities are positive and the centered fourth moment is
a3v < C4. By continuity, there exist p, ¢ > 0 such that, whenever |f| < p and |V — 0| <p,
we have V € (v_,v4), qy(f, V) > c for every response value, and E(Y — f)* < C4. This
means that the response constraints hold uniformly on this neighborhood. Note also that
the probabilities are quadratic in f and affine in V, with a]%qy = 2dyqy. Randomizing the
regression mean in order to hide a change of the variance is also the device of the lower-
bound proof in [52, Section 4.5], with Gaussian regression values on smooth bumps, and
of the fixed-design lower bounds of Wang et al. [56, Section 6.2], who use finite Gaussian
moment matching; for the ternary law, the last identity makes this matching exact for
one response.

38
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4.2 One score-to-risk comparison

An accurate estimator must follow the target along any path of mixtures. The following
lemma bounds how quickly its mean can move. The random variable R; in the lemma
need only represent derivatives of data observables; it need not be the score of the joint
law of the latent parameter and the data. Let Jy = [v_, min{v4,/C4}] and Dy = |Jy|.
The fourth-moment bound implies that every variance in ® belongs to Jy.

Lemma 4.1 (Score-to-risk comparison). For 0 < t < §, let [E; describe a mixture of n-
observation laws with deterministic variance V; € Jy. Suppose each mixture assigns probability
at most € to parameters outside ®. Suppose also that, for every bounded data-only statistic T,
t — ;T is absolutely continuous and, almost everywhere,

d

ZET=E(TR],  ER;=0.

If B= [y IRill 2, dt < 0o and A = Vs = Vo, then
%2 o — Dve (4.2)

Proof. We clip T to Jy, which cannot increase its risk on ©, and set % = supy g Eg(T —
V)2 + D2 . Since the exceptional states contribute at most D% ¢, we have E;(T — V;)? < r.
Then, for m(t) = E;T, we have

m(t) = Vil <rr,  |m'(t)] = [E[(T = Vi)Rel| < rl|Rellp2(g,).

Bounding the two endpoint errors and integrating the derivative, we find that A < (24
B)rr. It remains to square this bound and take the infimum over clipped estimators. [

The lemma combines the covariance inequality behind the information bound, which
controls the derivative of the mean of a statistic [29, Chapter 2, Theorem 5.10], with
a comparison of the means of an estimator under two mixtures, as in the constrained
risk inequality for mixtures that Cai and Low [7, Section 2, Theorem 2 and Corollary 1]
develop from that of Brown and Low [6]. Here the comparison integrates the derivative
along a path of mixtures.

4.3 The parametric lower bound

Proof of the lower bound in Theorem 1.4. We use p = 1, f = 0, and the ternary law with
Vi = v —aut, 0 < t <1, where a, = con~'/2. If the fixed constant ¢y > 0 is sufficiently
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small, then the whole path is admissible for every n. The ordinary likelihood score of
this path is

" dyqy.(0, V) ) na?
—_— E;R? = — ™" < Cc2.
llnizzl in(O, ‘/t) Ny CO

Ry = — <
V(a3 — Vi)

The summands are independent and centered, and the equality follows directly by
summing over the three outcomes. By decreasing c if necessary, we can ensure that
B < 1. Applying Lemma 4.1 with € = 0 and A = a;,, we obtain

v, > cn V2, (4.3)

Since the zero function belongs to every Holder class, this bound holds for all s > 0 and
d>1. O

4.4 Smooth weights

Both nonparametric lower bounds use one family of smooth weights. As in the third
version of this paper [3, Section 1.2, Step 3], their squares sum to one at every point. Let
Q = (—1,1)%, and fix a nonnegative ¢ € C®(Q) that is positive on [~1/2,1/2]%. Then
Y czd P(- — z)? is smooth, 1-periodic and bounded below by a positive constant, and

w = 1,0( Y. (- z)2> e € CP(Q) satisfies Y w(u—z)>=1, ueR. (44)

ze74 zcZ4

We write T? = R?/Z¢ for the torus and ||x — x/|| for the sup-distance on it. Let
h = 1/n;, with n, > 4 an integer, and let J = (Z/n,Z)". For j € J, the patch Qj is
the set of x € T with ||x — hjle < It; for x € Qj, (x — hj)/h € Q denotes the rescaled
representative of x — hj in (—h, h)“, and the weights are wi(x) = w((x —hj)/h) for x € Q;
and w;(x) = 0 otherwise. Because nj, > 4, distinct points z € Z¢ with |[x/h — z||e < 1
give distinct j € J. Then (4.4) implies the partition identity below, and differentiation
gives the derivative bounds:

Zw]-(x)2 =1, 07 w0 < CAYh_‘"Y| for every multi-index . (4.5)
j
There are 1~ patches, each of volume (2/1)? and meeting at most 37 — 1 others. Each point

of T lies in at most 2% patches, and two points of a common patch are at sup-distance
less than 2h.



SECTION 5

The case 0 < s < 1

This section gives a different proof of Theorem 1.3, whose rate was established in the
second version of this paper [2, Theorem 1.2 and Appendix A]. Throughout, we assume
that 0 < s < 1. All constants may depend on the fixed parameters that define the model
class, but not on 7.

5.1 Upper bound

The upper bound is the case t = s of Proposition 2.1. The estimator there averages half
the squared difference of paired responses whose design points are close, and the proof
also covers s = 1 and the boundary d = 4s. Shen et al. [50, Section 4.1, Proposition 1]
prove this rate for their product-kernel ratio estimator when the standardized errors are
independent of X; the proof of Proposition 2.3 allows the error law Q, to depend on x.

5.2 Lower bound

Proof. If d < 4s, the parametric bound (4.3) already has the required order. We now
suppose that d > 4s. We use the smooth weights (4.5) at scale h = 1/n;, with nj, > 4, and
set

n = bh®, ¢j independent with law v = (1—1)0 + %(5,1 +01), 0<t<1.

Letp=1, fe =n);widjand V; = v — 17%t, and let the responses follow the ternary law.
By bounded overlap, we have

Ifello < Cnr Ife(x) = fe(x)] < Cypmin{1, [x — x"|| /h} < Cbllx — ']|".

For a sufficiently small fixed b > 0, every state is then admissible, including at s = 1.
The periodic weights give the required extension beyond the design cube. We will apply
Lemma 4.1 with € = 0 and separation A = 7.

Next, we represent derivatives of expectations of bounded statistics of the data along
this path, using the latent coefficients. We write & for & with coordinate j set to a, and
define

DiF() = }F(@) + 3F(@) ~ FE).

41
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Since v; = (6_1 + 01)/2 — &y, differentiating the finite product prior replaces its jth factor
by exactly this signed measure. For a fixed sample, let Lz = [T'_; qv,(fz(X;), V;) and

DiLs — 2 Y wi(X;)?dv,L
Rt:ZT]‘, r; = il ngf i 3 (5.1)
]

where dy, differentiates only the ith factor. Differentiating the prior and the likelihood,
and then using Zj w]2 =1, we obtain %]EtT = E{[TR;| for all bounded T. Since all sums
are finite and the likelihood is uniformly positive for fixed n, the derivative and the
integration interchange directly.

Only observations in the support patch Q; enter r;, because the other likelihood factors
cancel. After this cancellation, summing the remaining numerator over all configurations
of the responses in the patch gives zero, since D;1 = 0 and every response probability
sums to one. This implies that lEt[r]- | &, X1,...,Xn] = 0, and that scores from disjoint
patches are conditionally orthogonal. Further, the quadratic ternary probabilities satisfy
the exact identity

30y(8 + 10, V) + 30y(§ — 10, V) — 4y(8, V) = *w?dvay (3, V).

The definition gives r; = 0 when Q; contains no observation. For one observation
X; € Qj, this identity, with w = w;(X;) and with g excluding the jth field, gives the same
conclusion. Indeed, dyq, does not depend on the mean, so the variance term in (5.1) also
equals 7%w?dyq, (g, V), times the likelihood factors of the other observations. This is the
cancellation that makes the rate possible. Independent local perturbations of the mean
also mask a change of the variance, through finite Gaussian moment matching, in the
lower bound of Shen et al. [50, Sections 2.2 and 5], whose design density vanishes between
the bumps. Here the ternary law and the identity }; w]2 = 1 make this cancellation exact
for one observation with a design density bounded away from zero.

For the remaining counts, we need only a second-order Taylor estimate, which we
include for completeness. Given k observations in Qj, their response product is H(a) =
T 4y, (g + nwia, Vi), where g; excludes the jth field. Along —1 < a < 1, all probabil-
ities are at most one, and their first two derivatives in a are bounded by Cy and Cy?,
respectively. Then sup |H”| < Ck?*42, which gives |[{H(1) + H(—1)}/2 — H(0)| < Ck?*3>.
The variance derivative in (5.1) is at most Cky2. Since the denominator is at least c*, this
yields |1’]~|2 < Ck174 for k > 2, after increasing C. For y = nh? < 1, the binomial count and
|Q;| < Ch? give

k
IE,gr]2 < 1741(;2% < Cytu?.

There are O(h~%) patches, each meeting only a bounded number of others. By conditional
orthogonality and 2ab < a? + b?, we have

E:R? < Ch™ 2 = Cn*hl.
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We take h = [4n?/(@+45)]-1 Then # < 1because d > 4s, and B < Ch?nh(d+4s)/2 < Cp2,
We then decrease b so that B < 1. Applying the score-to-risk comparison, we obtain

tn Z ;72/3 = n*4S/(d+4S).

Together with (4.3) and Proposition 2.1, this proves Theorem 1.3, including the boundary
d = 4s covered at the outset. O



SECTION 6

The lower bound

Throughout this section, we assume that s > 1 and that d > 4s is an integer, and the
model is that of Section 1.2; in particular, p— <1 < p;.

Theorem 6.1. Let s > 1 and let d > 4s be an integer. Let A, T and x be as in (1.2) and (1.7).
There are ¢ > 0 and ny, depending only on (s,d, p—, p+, Ls,v—, v+, Cy), such that

ty > cn Ne T VI8 (Jog ) STV o gl > g,

The constants below depend only on these fixed model parameters and on the design
constants in Section 6.9; they never depend on the sample, the state, n,h, M, D, N or the
nuisance values. They also do not depend on U/, since the constructed means extend
periodically to R?. We write L = log 7.

The ternary law depends on the mean through f and f2 + V. A centered perturbation
of the mean imitates an increase of the variance through its diagonal covariance. We
correlate the mean with the design density in order to control this covariance at the
observed points, and then cancel its diagonal part by decreasing V. Priors under which
the covariate density and the regression functions are perturbed together appear in the
missing-data lower bound of Robins et al. [47, Section 3]; here the perturbations of the
density also select the number of observations in a patch.

The third version of this paper used cardinal interpolation at every count at least
two and absorbed signed corrections into a common prior for the design density [3,
Section 1.2, Steps 1-2, and Appendix B]. Here we construct the local updates for counts
at least three by cardinal interpolation. At count two, the unit and coarse kernels use
ordinary selectors, while the fine kernel uses a three-point selector with bounded cell
signs. We realize the signed generator through positive weights on update histories, and
an nth-power mass tilt cancels the normalization of the likelihood. The risk criterion
depends on the activity and the local score energy of the construction, and balancing
these two quantities gives the stated rate.

6.1 The sample, patches and raw states

We use the ternary law (4.1) with its constants v, ay, p. Let ¢; denote its uniform positivity
constant, and set Y = {—ay,0,ay} and 79 = p/2%*L. Let P(f, V;y) = TTi<kqy,(fi, Vi),

44
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with P = 1 when k = 0. When all variance coordinates equal V, we denote the product
by P(f, V), and the derivative dy, is taken before this substitution. The ternary formulas
give
Irqy = 20vqy, Y 9vgy =0. (6.1)
yeY
All mark spaces are standard Borel, and densities are Borel versions of their almost-
everywhere classes.
We identify [0,1)¢ with T? and use the sample space X = (T? x )" with the reference
measure A, = (dx ® #y)®". For a positive bounded density function p and a mean f, we

define
U(p, £, V;8) =T T p(xi)ay, (f(x:), V),
i<n (6.2)
L(p, f,V;¢) = m(p) "U(p, £, V;¢), m( /P

When |f| < p and |V —v| < p, this is the likelihood of n mdependent observations with
design density p/m(p) and the ternary law, and P, ¢y and [E, ¢ v denote the correspond-
ing law and expectation. For a patch A, {4 consists of the observations that lie in the
patch, kept in their original order.
We take the smooth weights (4.5) at h = 1/n;, with n;, > 4, and set u = nh? and
= log(1/p). The chart x; : Q; = Q = (—1,1)%, x — (x — hj)/h, has Jacobian h~, and
w; = wo x;j on Q;. Recall that each point lies in at most 2 patches. For distinct labels,
we write j ~ j' when Q; N Qj # @. Each label has exactly 37 — 1 neighbors, given by the
coordinate offsets {—1,0,1}%\ {0} modulo 7.
For integers M > My = [4/(p+ —p-)], letayy = p—+1/M and by = p4 —1/M.
The interval between them has width at least (p+ — p—)/2, and
bvm+am _ \/W Vbm +Vam
M—am 8 b — /am NV
Here C: is a fixed constant, since differentiating the displayed logarithm gives d, =
Vb/[v/a(b—a)] and 9, = —+/a/[Vb(b — a)], and these derivatives are bounded on the
segment from (p—, p+) to (ap, by).
For D > 1, define
Ip={BeN":|p|<D-1},  ¢pu)=(u/8)", ¢ = (pp)per, (6.4)
where N = {0,1,...} and ¢p = 1. The fixed constant

Crr = max{l,SIgp leo(-)(-/8)P s ey}

Ty = arcos T<1tm < T+ C¢/M. (6.3)

is finite, because on the compact support of w, the derivatives through order ¢ + 1 are
bounded by C(1 + |B])*18~I#l, and these derivative bounds control the Holder seminorm.
Let

B={ceRP:|c|h <C;'}, FE=¢c (6.5)
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Then |F.| <1 and HGCHCS(]R”’) <1 for G, = wkF., extended by zero outside Q.
A raw state ¢ = (p, (¢j);) € Oraw consists of a Borel function p : T — [apn, by and
coefficients ¢; € B. Its mean is

fo=npwi(Fyox),  mp=cft, 0<er <1, (6.6)
7

where each term is zero outside Q;. The vacuum 19€ac is the raw state with p = ¢ and
¢j = 0. The variance is not part of the raw state, and prior probabilities will be placed on
marked histories of these states. For V € [v — p, v], we define

my = /Pﬂf 0(0,V) = (po/ms, f5,V,Qov),
Q19,V;x = Z qy(fﬁ(x)/ V)éy—flg(x)'

yey

(6.7)

We abbreviate the corresponding laws and likelihoods by Pyy, Eyy, L(8,V;¢) and
U(9,V;&). When 7y r < Mo, they exist for every raw state, including raw states whose
normalized density lies outside the model, and the likelihoods satisfy

(amecqg/bpm)" <L < (bm/am)", (amcg)" < U < by (6.8)

Let
Co = 27{(41%) +2}. (6.9)

Lemma 6.2 (Legality of raw states). Let n, >4, M > My, 0 <17y = cth® < 170, ¥ € Oraw
and 'V € [v — p,v].

(a) The periodic extension satisfies Hfl9HC5(1Rd) < Cucyand |f] < 2d77f <p/2.

(b) The ternary law has mean fy, variance V € (v_,v.), fourth central moment at most Cy,
and probabilities in [cg,1].

@ If0 < ¢y <1/ps and |mg — 1| < ¢/ M, then my > 0 and p_ < pg/mg < p4; if
M>2,myg>1/2.

Consequently, if Cycy < Ls, M > 2, and the hypothesis of (c) holds, 6(¢,V) € ©.

Proof. The periodic extension is f3(x) = 175 ¥, c 7 Gep, (x/h — z). At each point, at most
2% terms contribute, and for a difference at two points, at most 2941 terms contribute.
Scaling the profile bounds, we obtain

107 folles < 2% (¥ <0, [D'folu < 2%y,

Adding the (d#) sup norms proves (a). These bounds also keep the parameters of
the response law in the ternary neighborhood, which implies (b). For (c), we have
my>1—cp/M >0 and

]9_+1/M> P+—1/M<
Tte,/M=P7  1=¢/mM=Pr
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The first inequality uses that p_c,, < 1, and the second uses that p,c,, < 1. When
M > 2, we have my > 1 —1/M > 1/2. Finally, the normalized density is Borel, the
periodic extension restricts to ¢/, and the displayed error kernel is measurable because fy
is continuous. These facts verify all the model conditions. O

Parameter regime. We set qrsp = max{2, |d/(4s)]} and Cp = (d +8)/4. For K > 1, let
Reg(K) consist of the parameters with

M > My integer, D= [CpM]|, N>1, 0<u<1, w=1log(1l/n),
M/K <w < KM, M?/K <logN < KM?, (6.10)

0 <nr <10, n;qude <1

The last inequality bounds the Taylor error of the fixed response rule. Define C; =
1/(p*cq) and Mj = max{My, [2/(1 — p-)],[2/(p+ —1)]}. For M > M;, the density
interval contains the value one with a fixed margin.

The construction enters the statistical argument through its activity Bj,. and its local
score energy £. For the admissible, annihilating and centered updates constructed below,
Proposition 6.15 implies that

et
"1+ B2 4+ hdE

loc

— (v —v_)%,. (6.11)

>

Here Bj,. bounds the signed mark weights, £ is defined in (6.70), and €, is the mass-
concentration bound (6.71).

6.2 Interpolation on one patch

In this section, we construct interpolation matrices whose evaluated kernels are diagonal.
Their defect and band estimates control the local score energy and the aliases. We work
with the frame (6.4) and an integer d > 4, and || A||,1 denotes the sum of the absolute
values of the entries of a matrix. A separated representation of a permutation-invariant
E:QF — RIpxIb jg

k
E(U)Z/Zsym[ﬂbz(uz;é) A(Q) o(dd),

where Z is standard Borel, ¢ is finite and positive, the functions are measurable, |b;| <1,
and [ ||A||pdo < co. Here Sym averages over the k! permutations of the points. We call
the last integral the cost of the representation. If E is symmetric, then symmetrizing A
does not increase the cost.
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Lemma 6.3. There are C4,C; > 1, depending only on d, such that for integers D > 2,2 < k <
D and real T > 1 there are continuous, permutation-invariant symmetric matrices Ey (U) and
continuous weights w;(T; U) € [0, 1] satisfying

¢(U;) Exr(U)p(U;) = @(T; U1y (6.12)

The weights increase with T. Set Exr = w;(T;-) = 0 for 0 < T < 1. Each Ey 1 and each band
Exr — Ex1, 0 < L < T, has a separated representation of cost at most

CKT2(1 +1og T)F 2. (6.13)
With Ly = max{1,L},
L VEer — Exulfaun < CHLA(1 4 10g L) (6.14)
/Qk ;(1 ~@(T;U))dU < CKT~4(1 + log T)k2. (6.15)
Proof. For a polynomial in u,u, let || - ||coef e the sum of the absolute values of its

coefficients in the monomials (u/8)P(u'/8)F'. This norm is submultiplicative and equals
the ¢! norm of the coefficient matrix. In this proof, all constants C depend only on d.
With A = (84) ! and a(v) = A|v|?, we define

£i(0) = ta(v)2e @), /0 YA dt=1 (v#£0). (6.16)
For x # y,letv =y —xand Lyy(u) =v- (y — u)/|v|*. The polynomial

Gi(,y) (1, 4) = fi(0) Ly () Ly (1) = A% M o (y — )] [o- (y — )]

extends continuously by zero at x = y. If Z is a standard Gaussian vector, then differenti-
ating its characteristic function gives

G, ) (u, ) = %zbnz[wab ~ ZaZ5)(Ya — )y — ) cos(VIMEZ - (y — 1) | . (617)

Expanding the affine factors and the cosine of the difference separates x, y into coordinate
monomials times sines or cosines, all of which are bounded by one on Q. The total
integrated coefficient norm of these terms is at most C, uniformly in ¢, because }_, , [E|0,; —
Z,Zp| < oo. For these unary representations, the mark spaces are finite unions of Gaussian
spaces.

Gaussian integration also gives

Sup/ fily —x)dy < C(1+1)*71, SUP/ te~ =) gy < C(1+ 12 (6.18)
x JQ x JQ
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Indeed, since a(y — x) < 1/2, we have et < el/ 20—(1+)a We then extend the integrals

to R? and rescale by /A(1 +¢t).

Let g4 = k — 1. For each center i, we assign a scale t, > 0 to every r # i and write
S =Y., +ilog(1+1t,). We define E;  through

P Br(W90) = T [, TG ) u') d

5:(T: U :/ U, — U,) dt.
wz( ) S<210ng;[iftr( r z)

(6.19)

The degree is g < D — 1 in each argument. The coefficients and the weights are continuous
because the scale domain is bounded. The cardinal property of Ly, proves (6.12), and
a neighbor coincident with the center makes that center’s summand zero. The range
and the monotonicity of the weights follow from (6.16). Symmetry and permutation
invariance are immediate, and E;; = 0.

Next, we multiply the separated representations (6.17), integrate over the scale domain,
and average over permutations of the points. Products preserve the bound |b;| < 1.
Absorbing the coefficient norms into the product Gaussian and scale measures, we obtain
a finite positive o and a measurable A on standard Borel spaces. With s, = log(1 + t,),
the cost of these representations is bounded by

kC1
(q—1)!
Restricting the scale domain to 2log Ly < S < 2log T gives a representation of the band

with the same bound. This proves (6.13).
The remaining estimates use the fact that, for b > 1/2and A > 0,

2logT ¢ 11 k2 k—2
e589-1ds < CFT2(1 + log T)k 2. (6.20)
0

(e} q_l I
(q 1 1)' /A e 0551145 — o~ bA Z l|;l < qufbA(l + A)qfl. (6.21)
e =0 b

The inequality follows by integration by parts, together with b=! < 2 and ¥;1/1! < e.

Since [|Lyy||coef < C/|y — x|, we have
2
M < Cte tely—x),
fely — x)
Here we define this quotient to be zero where f; = G; = 0. The measures dv; =

[T, fr,(Ur — U;) dt have total mass at most one. Applying the Cauchy-Schwarz inequal-
ity weighted against their sum, and then (6.18), we obtain, with A = 2log L,

ck e _
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In this bound, we used that the change of variables s, = log(1 + t,) has Jacobian e°, and
the k? center factors were absorbed into C¥. Applying (6.21) with b = (d —4)/2 > 1/2,
we obtain (6.14).

Off the null set of coincident points, 1 — @; is the complementary scale integral.
Similarly, the first bound in (6.18) gives

_ ck e _
/QkZ(l—wf)dU§ —(q—l)'/uogTe 45/251-14s.
; !

Together with (6.21), this implies (6.15). It remains to choose fixed C4, C that cover the
preceding bounds. L

6.3 Signed local updates

In this section, we work in one chart, with u; € Q, w; = w(u;), pi € [am, bml, & €
[—p/2,0/2],c € B,V € [v—p,0],y; €Y and 0 < 175 < 179. We set
file) = gi+npwiFe(ui),  Pe) =gy (fi(c), V).
i<k

All local identities below hold uniformly in these nuisance vectors, before they are
substituted from a global state in Lemma 6.9. We write [k] = {1,...,k} and list ug in
increasing index order. Fix D > M > max{Mj,2}, and let

Cap = (a + b)/2, Ry = (b — a)/2, Tap = aI‘COSh(Cab/Rab),

o) = Eoplu=z)

Note that 0 < ¢(z) < min{z —ap, by — z} for z € [ap,by| and that ¢(0) =
—apbuy/ (by — ap) # 0. The following finite rules are used to select counts and to
extract responses. Signed measures that represent polynomial functionals, obtained by
duality from polynomial approximation, underlie the moment-matching lower bounds
of Lepski, Nemirovski and Spokoiny [30, Section 4.4] and of Wu and Yang [57]; Wu
and Yang [58, Appendix A, Lemma 5] apply this duality to the reciprocal on an interval
away from zero. Here we select observation counts with the rule in (a), which represents
evaluation at the exterior point 0 by a signed measure on the density interval.

Lemma 6.4 (Finite moment rules). (a) For 0 < a < b and an integer n > 1, at z; =
cap + Ropcos(irt/n), 0 < i < n, let ; = [1iz/(zj — z;). Then Ay = };i0;, represents
P — P(0) through degree n, with ||A,|| = cosh(nt,,). Below [a,b] = [ap, byp] and T, = T

(b) Let np be the largest odd integer at most D, and let L; be the cardinal polynomials at
xj = cos(jrt/np), 0 < j < np. The rule Jp = }; L}(O)&xi represents P +— P'(0) through
degree D, with ||Jp|| = np < D and symmetric total variation.
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(c) At zj = j/(2qrsp + 1), 0 < j < 2qpsp + 1, let Hj be the cardinal polynomials. The fixed
rule

C. = ) ([Z*H;(2))ez,, / ¢"dC. =Ha=2} (0<a<2qmp+1) (6.22)
j
has finite variation depending only on (s, d).
(d) For symmetric A, the fixed-atom signed kernel

Vg = 2Cf2r 5 Aﬁﬁ’lEl [lllZ(s(tleﬁthzeﬁ/)/(ZCfr)} ’ (6.23)

where 11, 1y are independent fair signs, is supported on B and satisfies

/dvA —0, /vdvA —0, /vadvA — A, |vall <2C2|Allp. (6.24)
Its weights are linear in A.

Proof. Parts (a) and (c) follow from cardinal interpolation. The exterior weights have
sign (—1)"*. Applying (a) to the Chebyshev polynomial T,((z — c,)/R,y), whose
node values are (—1)’, we find the variation in (a) [45, Section 2.7, Theorem 2.20 and
equation (2.37)]. Differentiating the interpolation formula proves (b) through degree
np. The rule vanishes on even monomials, because reflection pairs nodes with opposite
weights. This also gives exactness through degree D when D = np + 1. With R(x) =
[1j(x — xj), the weight L;(O) = —R(O)/(szR’(xj)) has sign (—1)("0=1)/2+] and exactness
on T,, gives the variation in (b). Finally, in (d), averaging over the signs yields zero
mass and zero mean. Each summand, before multiplication by its prefactor, has second
moment (eﬁe;, + eﬁ/eg) /(4C2). Since A is symmetric, this proves the covariance identity,
including repeated indices. Summing the absolute weights proves the bound, and the
tixed atoms give measurability. O

For a separated representation (Z,0,b, A) of E as in Section 6.2, let C(E) = [ ||Al|ado,
and define

r bM r r =
rm = <W> Amtr @ Jp, ErmE = Lrmo(df) Ci(dg) VA(Q) (dv). (6.25)
For the density mark eq = (z, €, (), the update is
Hz2)p; &
Pi=z+ r(b—jfl Y ebi(uig), ¢ =(1-g)c+gv. (6.26)
=1

We keep the density marks separate from the response marks and define

Bad(c) = [ @((1 = g)e+ev) C.(dg) va(dv). (627)

Fix a sufficiently large response constant C; > 1, as required below, and let Cy,; = 12p 1 C,.
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Lemma 6.5 (Local operator realization). Let 1 < r < m and r < D, with symmetric A
and finite representation cost. The resets are measurable and preserve the density interval and
coefficient ball; the density slope has modulus at most (byy — ap)/ (4by) < 1/4. Their weights
are independent of the incoming state. For every bounded measurable b,

/ b(eq) dZymE = O, / b(eq)c® dZy £ = 0. (6.28)

Moreover ||Ty|| < C'D'e™™ and ||E, ,, g|| < C"D"e™™C(E).
For every bounded measurable ® on B and k < D,

JT10 () a2y = 27" ¥ T] pi Beag @(0) (629)

i<k |S|=ri€S
with zero right side for k < r and

A" = 8(0) / ZF9(2) dAmsr(2) (K >1),
WM =1{k=r} (r<k<m), |2 <Cke™M" (k>7).

(6.30)

For every polynomial ® of degree at most two, Bo®(c) =  tr(AD*®(c)). For the response
product P, define
Qa(c) = BaP(c) — L tr(AD?P(c)).

Then e s
TS] +
|Qal < CR¥I 2 Al Qa =0 (k< grsp). (6.31)

If [p(u;)T Ap(uy)); is diagonal with entries d;,

BaP(c) = nfzwzd Iv,P(c) + Qalc). (6.32)

These response assertions hold for every symmetric A and every count. Uniformly for all k > 1,
Pl <Cp  IBaP(O)] < CRP|Alln. (633)

More generally, any finite signed update measure Q) with legal resets, density resets measurable
in eq alone, and the conditional annihilation in (6.28) satisfies, for every count,

'/le ) 4y

i<k

< 2GK2pE Q. (6.34)

All constants are independent of the frame dimension and counts.
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Proof. The averaged modulation has modulus at most one, so the quadratic margin
keeps the density admissible, and the slope bound follows from the maximum of the
margin. The coefficient reset is a convex combination of two points in the coefficient ball.
Conditional annihilation follows from the covariance rule. Multiplying the variations,
and using 1" /r! < ¢" and the fixed rules, we obtain the cost bounds, which also justify
every application of Fubini’s theorem.

For k < D, the density product has degree at most D in each €;. Applying Jp in each
coordinate selects r distinct observations and r! assignments, and we obtain

( M) erlesym[Hbz ;¢ ]

|S|=ri€S

Then (6.29) follows from the separated representation and the linearity of B4. The
exterior evaluation is exact when k + r < m + r. For the other counts, the variation bound
and the identity max 8/[8(0)| = sinh > Ty give [A™| < bk, " sinh™* (pr)e™("+7). Since
M > M, (6.3) shows that 1) is bounded by a fixed constant and is at least T, which
implies (6.30).

For a quadratic ®, the fixed response rule extracts the quadratic coefficient of ®(c +
z(v—c)). The zero mass and mean of v4 leave only 3 [ D*®(c)[v,v]dva(v), which
is 1 tr(AD?®(c)). For the response product, apply the same scalar rule to the Taylor
polynomial through degree 2qsp + 1 of z — P(c +z(v —¢)). Its quadratic coefficient,
integrated against v, is 3 tr(AD?P(c)). The derivative of order a = 2y + 2 along
the reset is at most Cakaﬂ?, since each factor has degree two and |Fy — F;| < 2. The
Taylor remainder and the variation bound for v4 prove (6.31). Since this scalar product
polynomial has degree at most 2k, the discrepancy vanishes when k < grsp. The heat
identity follows from the chain rule and a;qy = 2dyqy.

Finally, let ¥(z) = TT; qy,(gi + 7fw;z;, V) on [—1,1]¥. Since the ternary derivatives are
bounded, we have [0;0,'¥| < quy% and [dy,P| < C;. The remainder of the affine Taylor
approximation between any two field vectors is then at most 2qu217%. The affine part is
annihilated conditionally on the density mark, and this proves both the matrix response
bound and (6.34), including counts beyond D. O

6.4 Cancellation for two observations

The unit and coarse kernels use the ordinary selector with r = 2. The fine kernel uses
a three-point rule whose variation is independent of D, and its higher even modulation
terms are controlled by a bounded field in the design density. The regression updates
remain smooth.
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Lemma 6.6 (A bounded hyperplane field). For T > 0 there is a jointly measurable field
o1 : Q — {—1,1}, with a law measurable in T, such that Epr(u)pr(v) = e~ T2, Its odd
moments vanish. Writing Mr i(u1, ..., u;) = BT ¥r(u;), for every even j > 4,

< djrr=4 (T >0). (6.35)
L2(Q)

Proof. Let o be the uniform probability measure on S?~!, and let 7; = [ |v1|do(v). We
draw Poisson hyperplanes [27, Section 12.4] with intensity (T/v4)o(dv)db on S4~1 x
[—+/d,/d], and then give their cells independent fair signs. There are finitely many
hyperplanes. A mark consists of their ordered list and a sign array indexed by the
halfspace patterns. With a fixed boundary convention, the evaluation is Borel on a
countable union of finite-dimensional spaces. Only the law of the Poisson count depends
onT.

Conditionally on the hyperplanes, averaging over the signs leaves one precisely when
every occupied cell contains an even number of the indexed points. Two points share
a cell when no hyperplane separates them, and the intensity of the hyperplanes that
separate them is (T/v,) [ |v- (u —u')|do(v) = T|u —u'|. This implies the covariance
and odd-moment statements. A related representation of the exponential kernel, through
the probability that two points lie in a common cell, is derived for STIT tessellations by
O’Reilly and Tran [41, Section 4.1, Theorem 4.1]. Such an occupancy partition of j > 4
points contains two disjoint pairs of indices, with the points of each pair lying in the
same cell. For any two chosen pairs, the union of their intervals of separating offsets has
length at least half the sum of their lengths. The probability that each of the two pairs lies
in a common cell is therefore at most e~ (|#a—t[+lte—4)/2 ‘and two independent spatial
integrations show that the L?(Q/) norm of this bound is at most C/T~%. A union bound
over the at most j* choices of pairs proves (6.35). O

Let Ty = Ne %P, where ¢cg = T+ 1, and suppose that Ty > 1. For D > 3, we choose
tixed symmetric matrices Ap, A; with kernels

p(u)' Aop(0) =1, p(u) Arg(v) = —[u —of*.
Indeed, Ag = epeg, and —|u — v|* = 2u - v — |u|*> — |v|2. Their coefficient norms depend
only on d. Let Rsp(A) = Cs ® v4, let L1 be the law of the marked field, and define

) b2
X=101+06)—d, TIhi= ngz/\MJrz(dz)X(de)ﬁT(le)r

p =2+ 2 pepiu)
M

(6.36)

Note that || X|| = 2 and that its moments vanish at degree zero and at every odd degree
and equal one at every positive even degree. The fine update stays in [ay, by] and has
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slope less than 1/4, by the same margin bound as for (6.26). We use three separate row
tags:

[1]

To
wnit = T2p @Rsp(Ag),  Eeo = / TT,p ® L1 @ Rsp(Ar)dT,
(6.37)
By = / TTH © Rsp(Ay) dT.

For the first two rows, we use the ordinary update (6.26) with by = by =1 and by = b, =
1, respectively. Their extraction and admissibility follow from Lemma 6.5. We include T
in the mark, so that the displayed integrals are finite signed measures on standard Borel
spaces. We denote their direct sum by Epai;.

Lemma 6.7 (Pair activity and cancellation). In Reg(K), for sufficiently large M, the sum of
these rows has variation at most CN2e™M and annihilates counts zero and one. At count two,
after subtracting the diagonal variance derivative, its numerator is

U%wlwzplpz(l + Nr)e*Nraflasz, r=|u; —uy|. (6.38)

This expression has squared norm at most CU?N ~4 for every N > 1. At3 < k < D its
contribution is Uy + Vi, where Uy = 0 for k < M and

D (C ) Cy)M+1
(L) 2 4 2ryMasd—d (CH)
Ukll{ey = Crrpe™™ N o=y (6.39)
C
k=3

Proof. The variations of the ordinary and fine packets give
C{D?™D (14 T2) + N2e™M} < CNZe™M .

eventually we have 1) < ¢, so that the coarse term is at most CD2NZ2e=%D  and the unit
term is absorbed because log N < M?2.

For the ordinary pair selector, we write ay,, = Qlim This coefficient equals one at
k = 2, vanishes for 3 < k < m, and is bounded by Cke™". Expanding the fine density
product, we obtain the same selected pair term and, for even 4 < j < k, the coefficients

Ckj = b?\/lijﬁ(o)i2 /ijﬂ(z)j dApm+2(2), ek jl < CkemM,

For the fine row, the vanishing zeroth and first moments of X prove annihilation at counts
zero and one. The ordinary rows annihilate these counts by count selection. At count
two, the response operator is p1p2(Ba, + Wn(r)Ba,)P, where

— (1+Nr)e N
r2 ’

N
Wy (r) = /0 TeTar = 1 Wy (0) = N2/2.
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At count two, grsp > 2 and (6.31) give exact extraction of the Hessian. The diagonal
contribution is the heat derivative, and the cross entry of the evaluated kernel is 1 —
r?Wn(r) = (14 Nr)e™ ™", which proves (6.38). The norm bound follows from [p.(1 +
N|x|)%e~2NIl dx = CN~%, and this radial calculation itself holds for every N > 1.

For higher counts, we define Wfi(r) = fT]Z Te~ T dT and

Uk = axn Y pipt W (Ju; — ug|)Ba, P.
i<l
Since Wi(r) < r2(14 Tor)e 10" and d > 4, we have |[Wi(|- — )|, < CTg_d/z. Us-
ing the full response bound and the bounded densities, and summing over pairs and
responses, we find that [[Ug|| ) < Ckn%eTMM Tg_d/ 2. The factorial tail starts at M + 1.

Replacing Tj 4 by N4~ costs a factor e©(¢~4)P which is absorbed into the fixed CM*?
because D = O(M). This proves (6.39).
For even j > 4, let H; = fI{;] TMr,;dT. By Minkowski’s inequality and (6.35), we have

|Hjll2 < T j*T3~?. The remaining numerator is

Vi= ), o ), [1piHj(us)Ba,P.
4<j<k  |S|=ji€S
j even
It follows that ||V | ) < CkUJZ(eTMMTg_d, and this term vanishes for k < 4. Summing
these bounds gives the first inequality in (6.40). Up to a fixed multiplicative constant,
the ratio of its right side to U;yZN’d is e2MM 2 N4=dpco(24-4)D — (1), since log N = M?,
D=0(M)andd > 4. O

Omne cutoff for all target counts. Recall that ¢ = 7+ 1. For N > 1 and u € (0,1), let
H =1 +1logN, and define

lo=Ne=P, v, =NuH)"2/4 (2<r<D),

E©© —F . Eﬁ — E _ ECo ©_p i M (641)
r — Lrmin{v,, 05}/ r — Lry, ros m,” =D, m, = VM.

As before, E,7 = 0 for T < 1. We omit the cases v, < 1 and the zero bands. For
sufficiently large M in Reg(K), we have yH < 1 and ¢, > 1, and every nonzero fine band
has r < M. The scale calculation in Section 6.6 proves these guard conditions. The coarse
guards equal D, so all aliases start at count M + 1.

For each selected band with » > 3 and b € {co, fi}, we fix a separated representation
from Lemma 6.3 with symmetric A({). For r = 1, we take b = co, the constant matrix
Ei = eoeg and the guard D. Its representation has one point, with by =1 and A = eoeg .
For each such representation, we form the operator of Lemma 6.5 with its prescribed

guard:

[1]

rb = By b £l (6.42)
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where E{° = E; and m{® = D.

At target count two, the row is Epir from (6.37). The singleton, the targets r > 3 and
the three pair components have distinct tags. Let Eq be the finite disjoint union of their
mark spaces, and define

5= E"pair D @ Er,br Bpase = ||‘E‘|| (6'43)
r#2,b

We also denote the component at target  and band b by Row?. All mark spaces are
standard Borel, all updates are measurable and admissible, and the singleton measure is
nonzero. Hence 0 < Bpage < 00.

We write eq for the density mark, including its row tag. By the conditional annihilation
in Lemma 6.5, which also holds for the fine pair row, we have, for every bounded
measurable b and ¢ € B,

/ b(eg) E(de) = 0, / b(eg)c E(de) = 0. (6.44)

A centered reference law for the same measure. The generator needs the signed measure E, but
the construction of the prior also needs a positive mark law. We start with 71y = |E|/Bpase
and the weight ag = Bpase 42/ d|E|, where we choose a measurable {—1,1}-valued version
of the derivative. Then E = ag7mp and |ag| = Bpase- Note that marks with zero weight
may be added without changing any signed integral. We use this freedom to make the
reference density have mean one. Let

. r _
Totr = %mm{l —p_, p+ — 1}, Mo = ——& Cer =« (6.45)

1
2(p+ —p-) o

Lemma 6.8 (The reference marks). For M > M}, extend Eg by one zero-weight branch. There
is a probability law 7t on the resulting mark space E and a state-independent weight a° such that

o

=a°m, Bioc := sup |a°| = CctrBpase- (6.46)
E

(1

All updates remain measurable and admissible, with pointwise affine density form p{ =
A(eq, ui)pi + Bleg, u;), |A| < 1. Their reference means satisfy

/A(ed,u) nt(de) =0, /B(ed,u) nt(de) = 1. (6.47)
Thus the expected density after an update is one for every incoming state.

Proof. Under my, the slope has mean zero, since the variation of each ordinary packet
factors over symmetric |Jp| modulations. The fine pair packet has the same property be-
cause | X| is symmetric. The intercept has a constant mean z € [ayy, by]. With probability
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Actr, We draw the mark from 71y and multiply its weight by Ce. Otherwise, we reset the

density to

20 = 1-— KetrZ
1 -ttt

leave c fixed, and assign weight zero. Since both margins of the interval around one are
at least rqt, the quantities (1 — acr)(zo — ap) and (1 — acee) (bar — zo) are at least reyr /2,
and the reset is admissible. Under 7, the slope has mean zero and the intercept has mean
one. Only the original branch has nonzero weight, which proves (6.46) and preserves

(6.44). All formulas are measurable, and the weight is independent of the state. O

6.5 The generator and its local cancellation

We now transport these concrete updates to the patches. The update T;, replaces pg(x)
on Q; by A(eg, xj(x))ps(x) + B(eq, xj(x)) and c; by c]e-, and it leaves everything else
unchanged. It preserves raw states. Updates at disjoint patches commute, since neither
changes the other’s incoming state. For a bounded function G of the raw state, whenever
the mark integrands are measurable, we define

9) = / G(T.0) E(de) / G(T n(de), A=Y A.  (648)

jeJ

set aj(8,e) = a°(e). Every mark integrand used below is measurable by the displayed
update formulas, and Section 6.7 makes this explicit for finite histories.

Local score. The operator acts on the raw product U, before normalization. For
& = ((x1,i))i<n, we define dy,U by replacing its ith response factor by dyq,,. The score
numerator and the local score are

In particular, we have [|A;G||e < Bjoc||Gl|eo- For the history notation used later, we also

R = my [A UG, V;8)(0) — 3 Y wi(x)?0vU(0,V;E) |, rj=Ry/L. (649

i<n

Here the suppressed arguments are (¢, V;¢). Since Zj w]2 =1land ) ;dyU = dyU, we
have

LRy = mg" [AUC,Vi2)(@) = javb(e, v;e)). (650

We will see that the mass tilt in Section 6.7 identifies the derivative of the mixture with
the prior average of this sum.
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Local likelihood and energy. For the finite vectors and coefficients fixed in Section 6.3,
we define

Le(p .8 Viwy) = [ I pigy (fi(e), V), (6.51)
i<k
Re(p,c, g Viuy) = /E Le(p®, %, ...) E(de) — 17]7; Y. w? oy Li(p,c,...), (6.52)
i<k

where the dots stand for (g, V;u,y), Lo = 1, and dy Ly =T, p; - (9v,P)(c). Since |fi(c)| <
p/2 410 < p, Section 4.1 implies that

(amey)* < Li(p,c, 8 Viuy) < by (6.53)

For a jointly Borel function G that is continuous in the finite-dimensional nuisance
variables (p,c, g, V), we define

HGH%k) :/k sup Y |G(p,c,8 Viuy)|*du. (6.54)
Q pcgV yeyk

The supremum is taken over the compact ranges stated in Section 6.3. It equals the
supremum over a countable dense subset, so the integrand is measurable. This norm
applies to all numerators below, since they are polynomials in these nuisance variables
with bounded Borel coefficients; the finite variation of E justifies integrating their coeffi-
cients. Because the supremum is taken before the integration, the nuisance values may be
arbitrary at each tuple u. The triangle inequality for this norm follows from the pointwise
supremum and Minkowski’s inequality.

Lemma 6.9 (Chart scores and conditional centering). For the constructed update measure,
let 0 € Opaw, V € [v—p,v]andje J.

(a) Suppose G, consists of k observations, with chart coordinates u € QF and responses
y € VK. Relabel these points as x; = )(Jfl(ui) and substitute

pi=ps(xi), c=cj, &= fo(xi) —npw;j(x;)Fe;(ui). (6.55)
These are admissible nuisance values, and
2
Rk bM k kﬂf
= | < : .
ri Ly ’ |r]| < Bioc <aMCq> + Q%Cq (6.56)

In particular the score depends on the data only through &g ..

(b) Ro = 0 and Y-y Re(p, c, 8 V;u,y) = 0 for every k, nuisance vector and design tuple.

(c) The scores are square integrable and By v (r; | X) = 0, where X = (x1,...,%n). If j # J'
are not adjacent, then By y (riry | X) = 0.
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Proof. The background is a sum of other profiles, so |g;| < (27 — )ns < p/2, and the
update does not change it. With I = {i : x; € Q;}, the raw likelihood factors as

U=0L,  O=]]rs(xi)qy(fo(x:), V). (6.57)
il

Note that the update leaves O fixed and that w; = 0 outside the patch. We conclude that
R;j = my"ORy and L = m;"OLy, which proves the formula for the ratio. The likelihood
bounds and |dyq,| < a;z give the envelope in (a). When we sum over responses, the
integral term reduces to f [1; p; dE = 0 by (6.44), and the variance term also sums to zero.
This argument includes k = 0 and proves (b). Conditional on X, the response probability
is Ly / IT; pi, and (b) implies that the score has conditional mean zero. Disjoint patches
involve disjoint sets of responses, which are independent given X; the scores of such
patches therefore have zero conditional cross moment. Finally, the envelope in (a), with
k < n, gives square integrability. O

The full response remainder. The full chart numerator also satisfies, for every k > 1,

Re(p.c,8 Viwy)| < Cinf(Bioe +1). (6.58)

Indeed, (6.34) and the bound on the variance derivative give the bound
3Cyk*pX117(Bioc + 1), and it remains to use k> < 4%.

For 2 < k < D and u € QF, we define zf)l[k](u) = ;(v; u), with value zero when
vk < 1. Recall that C; = 1/ (p%¢cy).

Proposition 6.10 (Local cancellation and energy). Let K > 1. There are M (K) and constants

Cg, Cs, Cg, Cy, depending only on (s,d, p—, p+, Ls,v—,v4,Cy), on the design constants fixed in

Section 6.9 and on K, such that for every (M, D, N, p,15) € Reg(K) with M > My(K) the row

defined by (6.41) and (6.37) is well defined and has the following properties.

(i) The update measure preserves raw states and has the state-independent representation & =

a“7t constructed above. It obeys (6.44) and the centering identity (6.47).

(ii) Bjpe < CpNZe™M,

(111) RO = 0and R1 =0.

(iv) For 2 < k < D, uniformly in the prescribed nuisance values, Ry = Rgd + Rzl + R,ﬁld. At
k = 2, the defect is (6.38) and the other terms vanish. For 3 < k < D, put

Rdef le{ B, (1) ﬂwa aVP )}

1<k i<k
M
R = U + )y WY TP BeugPlo),
3<r<min{k,D}: Efi-£0 Sclk], |S|=rl€eS
M<k

Rﬂd Vk/
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where Uy, Vi are the pair alias and field terms in Lemma 6.7. The defect at k > 3 includes
the interpolation error and the fixed response rule’s Taylor remainder.

C €
v) TR, G Ra2, < Cs iyt p2N .

(vi) R = 0 for2 <k < M, and Y2, , G IR, < Corpte2muMN4— (Gl
(vii) Y (Cop) [IRE NGy /Kt < Compp® N~ d-

Part (i) follows from the construction and Lemma 6.8. The bounds on the activity and
the aliases are proved in Lemmas 6.12 and 6.13, and the field bound is (6.40). For the
count decomposition, we note that centering preserves signed likelihood integrals. The
score numerators at counts zero and one vanish: only the singleton survives at count one,
and its exact heat response cancels the variance derivative. At count two, all other targets
vanish, and we are left with (6.38).

The remaining count decomposition follows directly from the ordinary-row identity
(6.29). For 3 < k < D, the target-k bands sum to Ej, , and every other coarse target
vanishes. Every other fine target vanishes unless k > M; in that case, their targets satisfy
r < M < k, and they give exactly the stated aliases. The pair rows supply Uy + V.
Subtracting the variance derivative proves (iii)-(iv), including the omitted targets where
Exy, = 0. We prove the remaining defect bound next. We emphasize that the activity
constant is free of M: an extra factor C there would change «.

Lemma 6.11 (Interpolation and Taylor defects). Let N > 1, u € (0,1) and 0 < 55 < 1o

satisfy p(1 +1log N) < 1 and q;qrs‘de < 1. Let vy be as in (6.41), and let R(*f, 2 <k < D, be
as in Proposition 6.10(iv). There exists a fixed constant Cs such that

(C u) e _
Y. = IR < PN
k=2

Proof. By the radial integral [q(1+ N|x|)%e 2NI¥ldx = CN~4, the explicit expression
at count two has squared norm at most Cy4N~* for every N > 1. This part needs no
additional regime assumption. For k > 3, the heat identity decomposes the defect into
the sum of

~[k
D¢ = - [ I wi—a")avP, Q= [1pCr,,
! i !
If vy > 1, interpolation gives

/Z /1) < Chut(1 + log )2 < CAN— (2,

If vp < 1, the left side equals k|QJ¥, and the same bound follows from Niuk=2 < 1.
Since the defect weights lie in [0, 1], we have (};(1 — [ N2 <ky;(1— }) Using the
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tixed derivative bounds, the nuisance suprema and the sum over responses, we have
| Dk”%k) < Cknj;N_dy_(k_z). The corresponding factorial sum is at most Ciyj‘;yzN_d.
For the Taylor remainder, the band estimate with lower cutoff below one gives

[1lExy |2 < CF also for omitted targets. Combining this with (6.31), we find
HQkH%k) < Ckk4‘7fSP+417;quP+4. The corresponding factorial sum is at most Cﬂjﬁqmpﬁyz,

which is absorbed using 174qup N? < 1. The assertion follows from these two bounds, the

pair bound and the squared triangle inequality. O

6.6 Activity and aliases

Fix K. We work in Reg(K) and take M sulfficiently large. In this regime, we have
D=0(M), H=0M?), M/K<w<KM, logN>M?/K. (6.59)

These bounds imply that ¢/, > 1, uH < 1, and w > 2log H eventually. A nonzero fine
band requires v, > {,, which implies that
dCOD
24+ ——— <
s +aJ—logH =X
for some fixed integer R depending on K and the model constants. Eventually R < M,
so every fine guard is legal. We choose a sufficiently large fixed C,ct and define

go = CaaDH(uH)?,  a=1,2. (6.60)
Since log g, < O(log M) —aM/(Kd), we may choose M(K) so that

M > max{M}, R}, ™ < Co, uH <1,

. : (6.61)
logH < M, g2 < g1 < 3, D7g; <1

and all pair bounds hold. Further, any fixed multiple of De®@(P+1) is at most N eventually.
This proves that the rows are well defined.

Lemma 6.12. The centered update measure has Byo. < CpN?e™M for a fixed Cg, as asserted in
Proposition 6.10(ii).

Proof. An ordinary target-r band with guard m and representation cost C has variation
at most C"D"e™™(. For r > 3, using the interpolation cost and min{v,, ¢, }2 < lyv,, we
have
B < CD*™PNloq; 2, Bfl < CD%*™MN?q} 2,

Since e™Py /N < 1, the geometric sums of these bounds are at most CD2N2(q1 +
eTMqu) < CN2e™M  The singleton costs at most CDec(D+1) < N. It remains to add the
pair bound from Lemma 6.7 and to include the fixed factor from the reference centering.
No factor depending exponentially on M is added to the activity. O
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Lemma 6.13. The aliases vanish through count M and, for a fixed Ce,

(C6,”)M+1
(M+1)t°

D
2 (Cﬁy) HRalHZ < C 17 eZTMMN4 d

k! f
k=M+1

This is Proposition 6.10(vi).

Proof. The pair alias is bounded by (6.39). All other aliases come from nonzero fine bands
with 3 <r < R < M, so none of them occurs for k < M. Let E be any symmetric matrix
kernel. By the uniform response and selector bounds, we have

MY TTpiBrugP|| < Crze™M|E| 2. (6.62)
|S|=ri€S )

Because the response and selector bounds hold uniformly in the nuisance values at each
tuple, they bound the supremum in (6.54). Summing over subsets and responses and inte-
grating over the unused coordinates, we obtain the factor (*)k23%/2|Q|(*~")/2 max{1, p }¥,
which is absorbed in C¥. For a nonzero fine band, interpolation gives

|Ef < CTeE (14 1og lo) % < C'N* M,

||L2 gl
where we used ¥ < R, D = O(M) and log H < M. With at most R such targets, their
sum satisfies

D (Cﬁ‘u) (C,‘I/l)M—H
H Ral Uk ||2 < C17 eZTMMN4 d CM
R = 1) (EEay

Here we used Y- a1 XX /k! < e*xM*1/(M+1)! and p < 1. We absorb ¢“M into a fixed
constant raised to the power M + 1, and we combine the result with the pair alias by the
squared triangle inequality. This changes only the constant in the factorial tail, not the
activity exponent. O

6.7 A positive path of priors

In this section, we use the centered marks (E m,a°) and the updates of Section 6.3,
with M > Mi, ny, > 4 and vacuum 8y, = Vac Recall that updates at disjoint patches
commute, that their weights are state independent, and that |a°| < Bj,.. We fix the
constants

22d

- 1 (p+ —p-)?
_nd _ A+1 _ _ +
A=3" =2 ge=s—ors Cagi= o (669
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We assign polynomial weights to finite marked histories of local updates, and we identify
histories that differ only in the order of disjoint updates. The next lemma proves positivity
and a differentiation identity. Conditional annihilation then keeps the law of the raw
density fixed, and bounded differences control its mass. The interval on which positivity
holds depends on By, but not on the number of patches.

Lemma 6.14 (Positive realization). If 6Bjo./0 < cpos, there are a standard Borel history space
9, a jointly measurable raw-state map ©(%) and probability measures vi, 0 < t < §, such that,
for every bounded state observable G with measurable history and mark evaluations,

% / Gdv = / AG du. (6.64)

The product rule holds if G is also continuously differentiable in t in supremum norm. The law of
m= [ Poy) is independent of t. Moreover

/mdvo =1, /e”(m_l) dvy < ¢Cmgrtt 1" (u € R). (6.65)
For fixed n > 1, define
G = / w'dvy,  dor = G lm" du,. (6.66)
These are probability measures with time-independent mass law, and whenever € > 8Cmgfnhd,
)
o(lm—1| >¢) SZexp{—8Cmgfhd}. (6.67)

Proof. We call two patch labels dependent if they are equal or adjacent, and independent
otherwise. We identify finite words that differ by exchanges of consecutive independent
labels, and we call an equivalence class a shape. The pieces of a shape are indexed by
label and occurrence. We order dependent pieces as in a representative word and take
the transitive closure. Shapes are the elements of the free partially commutative monoid
of Cartier and Foata [9], and with this order they are heaps of pieces in the sense of
Viennot [55, Section 3]. Incomparable pieces have independent labels, and any compatible
ordering represents the same shape. To see this, we move the first piece of one ordering
to the front of another, passing only incomparable pieces, and repeat. Applying the
marked updates therefore gives a well-defined raw state. As the shapes are countable,
the disjoint union of their finite products of E is standard Borel. We choose a canonical
word for each shape. The finite update recursion along this word makes the density, field,
mass and likelihoods jointly measurable, also after a mark is appended.

In the cover graph, two pieces are joined when one covers the other in this partial
order. Each piece has at most 2A neighbors. Indeed, above and below it there is at most
one covering piece of each dependent label, since equal labels are comparable. Maximal
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pieces have distinct labels. Removing a maximal piece is the inverse of appending its
label and mark, and both operations are measurable finite deletions and insertions of
coordinates.

We give each shape g weight 0!8l and, conditionally on the shape, we give its pieces
independent 7w marks. This defines a finite reference measure. Indeed, for fixed multi-
plicities (n;), the interleavings of every adjacent pair of label chains determine the shape,
and their number is at most

it < 2(A—1)Zjnj.
{ik}:j~k
Summing over the multiplicities, we see that the normalizer is bounded by
I1; Y,50(02%71)" < oo, where 02271 = 1/4. Let 1y be the normalized reference
law, with the empty shape included.
For an upper set U of a history b, let

04 (U) = Leb{(sx)xeu € [0,t]" : sy < s, whenever x < y}, (@) =1,

and define
o)=Y o o) T a(en) (6.68)
U upper in h xeld
Since v;(U) = Uy (U), this is a finite measurable polynomial. The weights v;(U)
are the volumes of the order polytopes of the induced posets on U; see [53, Section 1,
Corollary 4.2].

To prove positivity, we let F(S) be the sum in (6.68) restricted to upper sets whose
maximal pieces lie in S C R, where R = max(h). Connected components of an upper
set are upper sets, since every upward cover chain stays inside it. Two upper sets
intersect exactly when they share a maximal piece of the history. Disjoint upper sets are
incomparable, and their order-volume weights multiply. Separating the component P
containing x € S, we have

FS) =FS\ )+ ¥ B(P)F(S\maxP),  |b(P)| < e, e= P,

P connected upper Q
x€max PCS

We prove by induction on |S| that F(S) > 0and 1/2 < F(S)/F(S\ {x}) < 3/2. We adapt
the deletion induction of Dobrushin [14] for hard-core partition functions, as credited and
presented by Scott and Sokal [49, Section 5.1, Theorem 5.1], to the connected upper sets of
a history. The induction hypothesis on proper subsets gives F(S \ maxP)/F(S\ {x}) <
2lmaxP|=1 = A connected set of k vertices containing x is the vertex set of a depth-first
walk of length 2(k — 1) along a spanning tree, so there are at most (2A)2~1) choices.
Combining these bounds, we conclude that

P(‘S) _1’ < Z(SAz)k_lek— € <

1
F(S\ {x}) = T 1-8A% — 2
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At the stated threshold, the denominator is positive. Multiplying the ratios, we find
27 IRl < gi(p) < (3/2)IRI.

Next, we differentiate the order volumes. A coordinate can reach the upper face s, = ¢
only when x is maximal, and removing it leaves the order volume on the remaining
pieces. Because the maximal pieces of an upper set are maximal in the whole history, we
have

dpe(h) =0 ' Y, a(ex)pi(h\ x).
xemax(h)
Appending a specified label adds one independent 7t mark and multiplies the reference
weight of the shape by ¢. Changing variables between a history and the history obtained
by deleting a maximal piece, we obtain

d
E/G(Ptho = /(AG)gothO.

Here, on histories, A appends a marked update, and on state observables it is given by
(6.48). Since |R| < ||, the bounds on ¢; and its derivative are uniform for fixed n. We
then use dominated convergence to justify this identity, its product rule and continuous
differentiability in total variation.

Let H be a bounded observable of the raw density. For a fixed incoming state and
patch, its updated value depends on the mark only through e4, and (6.44) then implies
that AH = 0. Taking H = 1, we find that dv; = ¢;d1 is a probability measure, and
general H shows that the law of the raw density is invariant. As ay; < m < by, (6.66)
then defines probability measures with a constant normalizer and an invariant mass law.

It remains to prove the mass bound under 7y = vy. We condition on a shape. Its
marks are independent, and by the centering identity (6.47), every fresh density update
has expected output one at every point of its patch, for any incoming value. Starting
from the vacuum, we find that the conditional mean of the mass is one. We group all
marks of each label into one block, so that the blocks are independent. Changing one
block changes the final density only on its patch, because all later density updates act
pointwise. The resulting change in mass is at most ¢ = 291 (p, — p_). Revealing these
blocks in turn gives centered martingale differences whose conditional ranges have length
at most c. The second derivative of the conditional log moment-generating function of
each difference is its variance under exponential tilting, which is at most ¢? /4. Integrating
twice, we bound each log moment-generating function by u?c?/8. There are k% blocks,
and averaging over the shape proves (6.65). This is the method of bounded differences of
McDiarmid [36, Lemma 5.8 and Theorem 6.7], applied conditionally on the shape.

We abbreviate Z = m —1and a = Cmgfhd. By Jensen’s inequality, we have G, > 1.
Further, m" < ¢"Z. For ¢ > 8na, the exponential Markov inequality with u = ¢/ (2a) —n >
0 gives

00(Z >¢€) <e / 7 qyy < gneme/(40) < =i/ (80)
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On the event Z < —¢, we have m” < 1, and the same exponential bound gives 0p(Z <
—e) < e/ (4a), Adding the two tails and using the invariance of the mass law, we obtain
(6.67) for every t. O

6.8 From local updates to risk

Throughout this section, we work with the constructed rows and assume that M > M,
n,>4,0< nf = cfhs < 1 and chf < Ls. We set

1

Cn = 5= A ={b:|m(h) —1| < cn/M}, (6.69)
P+
and define the full local score energy
(Cﬁﬂ)k 2 1 d
&= kzg%) Il HRkH(k)r C = e, p = nh". (6.70)

Here the numerator and the norm are given by (6.52) and (6.54), and the series is finite
by the full-response bound (6.58).

Proposition 6.15 (A lower bound from local cost). Suppose ¢y /M > 8Cpgspt, and put

C2

Then (6.11) holds with a constant cyy > 0 depending only on the model constants.
Proof. Set

I=V3h€,  C=1+By+1I,  co=min{l,0cpos, 0/175}, 6=1c./C

Then 6Bjoc./0 < cpos and 17%(5 < p. Lemma 6.14 applies and gives the probability priors

(6.66) on [0,0]. Let V; = v — U]%t, and let [E; denote prior expectation followed by expecta-
tion under the normalized observation law at V;. The choice of the ternary neighborhood
and the bound on the variance decrease ensure that V; € Jy. By Lemma 6.2, every state
in Ay, is legal, and the mass tail bound implies that sup,_; 0;(A%) < €.

For bounded observables T of the data, the mass tilt cancels the likelihood normaliza-
tion exactly:

BT =Gy [ udn) [ T@U((0), Vi) (@)

The inner integral is continuously differentiable in supremum norm for fixed 7, since the
response factors are affine in V; and A, (X) = 3". Using the product rule in (6.64), we

obtain u 2
U-— vU
%]EtT = E[TR], R = #

T =Y r, E:R = 0. (6.72)
j



6 The lower bound 6.8 From local updates to risk 68

Here the score identity is (6.50), and the centering follows from Lemma 6.9.

At a fixed raw state, we group the observations according to their count k in Q;. Using
the chart ratio, dx = h?du, and the bound of one on the probability that the remaining
observations lie outside the patch, we have

n
2 n k
Eoyr SI;O(k) /ka du< .

In the second inequality, we used my > p_, L > (p,cq)k, (7)) < n* /k! and the uniform
bound in (6.54), whose supremum is taken before integration. By Lemma 6.9, disjoint
patches have orthogonal full scores. Each label has 37 dependent labels, including itself,
and applying 2ab < a? + b? to the pairs of dependent labels yields

E:R* <37Y B <3'h79€ = I~ (6.73)

The integrated score is at most 41 < c, and the separation is y f5 Since Dy < vy —v_,
Lemma 4.1 implies that

217;;

* 2

= (2 + ¢4)2C2 ~ (0+ —o-)en.

Since C2 < 3%+1(1+ B2 _+ h~9€), this proves (6.11) with cir = ¢2/[371(2 + ¢,)?). O

Lemma 6.16 (Cost of the local construction). Let (M, D, N, u,1¢) € Reg(K) with M >
My(K), u = nh* and Ny =cgh®. Set B = N2e™M. There is a fixed Cg > 1, depending only on
the model and design constants and K, such that

1+ Bl +h 798 < Co{B?+ € + & + &}, (6.74)

where ) g ;
Qfl:nh+sN_,

M
— A8 2T M pngd—d (Cop)

& = nh=e"MEN (M+1)! (6.75)
_ 4s Z(CGV)

&3 =nh™B (D+1)

Proof. The score numerators at counts zero and one vanish. For 2 < k < D, we square
the decomposition of Proposition 6.10 into defect, alias and field terms, at the cost of a
factor three. For k > D, using (6.58), the volume 29k and the 3% response vectors, we have
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||Rk||?z-k) < (3- 2dc§i)k;7;%(Bloc +1)2 Let ¢, = 3-29C2.Cy. Using Yy, xF/k! < e¥x7/al, we
find
£ <3(Cs+ Gy N1

(Cé]/l)M+1
(M+1)!
> (enp) P!

(D+1)!
We multiply by h~¢ and use h =%y = n, h=%u? = n’h* and g = csh®. As By < CpB and
B > 1, the claimed bound holds if we take Cg to be the maximum of

+ 3C617;362TMMN4_‘1

+ eChU;(Bloc + 1)

1, Ce, cn, 1+ C§, 3(Cs+Cy)cy,  3Cacy, eenct(Cp+1)%

All these constants are fixed before #n. ]

6.9 Parameters and proof of Theorem 6.1

We choose the parameters by balancing the squared activity with the interpolation
contribution ¢;, which leads to N' d+4 — y2pd+asp=2TuM  The remaining contributions are
factorial tails. The choice M =< ,/logn makes these tails smaller than the principal cost,
while the correction —log M in w produces the logarithmic power in the lower bound.
We define

d—4s G dt
C=—— "arz TaEo0y
8v(s—1 + 8 )
mi — %, Cp = 0 cr= min{1, L;/Cy}.

Fix K such that 6 and y/m? lie strictly inside [1/K,K]. At this fixed K, we take the
constants of Proposition 6.10 and then Cg from Lemma 6.16. Finally, we fix a constant

Co > A+ 2, where

d? — 16s 2dt
A_1+10gCG+d(d+4)6+d+4'

All these constants are fixed before n. With L = logn, we set

M = [m,VL], D = [CpM], wp = 6OM —log M + C,, ny, = [(ne0)/4],

1/(d+4
h=1/ny, p=nh', w=log(1/n), nf=csh®, N= (nzhd+4se—2TMM> &

B = N2e™M Rigw = ;7]% /B.

4

(6.76)
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Lemma 6.17. For all sufficiently large n, the tuple (M, D, N, ,7¢) belongs to Reg(K), and the
local construction satisfies every hypothesis of Proposition 6.15. Moreover,

1+ B +h 1€ <3CcB,
Rigw = 1 e ®VLL6-D/(d+4) €n =0(R2 ).

Proof. Rounding upward gives

wo < w < wp+dlog?2, w =60M—logM+ C, +O(1), ™M =TM+ O(1).
(6.77)
Since h? = ¢ /n, we find from the definition of N that

(d+4)logN = GL — (1 +4s/d)w — 2tyM = GL + O(VL). (6.78)

We see that w/M — 6 and log N/M? — «/m?, which verify the regime bounds at the
fixed K. Also, h < n~—1/4 eventually, and since gsp > d/(4s) — 1, we have

ﬂ;qrsp N < Cpp(d—4s)/(d-+4)~4qesps /d <cn ¥ 0.

All fixed thresholds on M, Ny, 1f hold eventually, and the mass condition c¢,,/M >
8Cmgfy follows from My — 0. The model bound Cyc < Ls holds by construction, and
Proposition 6.10 supplies annihilation and reference centering.

For the cost, we have & = B2 exactly. With ¢; = (d> —16s)/{d(d +4)}, direct
substitution gives

¢ 2d
log 25 = 47L+ (e — M)w + (ﬁ + logCG> M —log(M +1)!

=4yL — M(w +logM) + AM + O(logM) < (—C, + A+ 0(1)) M.

(6.79)

Here A is independent of C,, while the remainder may depend on that subsequently
tixed constant. In the final inequality, we used OM?2 > 4L and w > wy. This shows that
the alias tail tends to zero relative to B%. For the high-count tail, we have
¢3
logﬁ < GL—-Dw+0O(D) = (G—49Cp)L+0o(L) = —4yL+o(L).
The cost bound follows from Lemma 6.16.
For the risk scale, we compute

2(s —w +dtyM

log Rjpw = —AL — 14 +0(1)
2dt 2(s—1)
= AL — 1 1 6.80
A d+4M+ ) og M+ 0(1) (6.80)
s—1
= —AL—xVL+ d+4logL+O(1).
Finally, M?h? < CL/n implies that €, < 2¢="/L = o(R2 ). O
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Proof of Theorem 6.1. We take the parameters (6.76) for all sufficiently large n. Combining
Lemma 6.17 with Proposition 6.15, we obtain

Ct Ct
t% 2 ﬁRlzow - (U-i- - U—)zen > @Rfow

eventually. Taking square roots and using (6.80) proves the stated lower bound. O
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